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2. Abstract 
Lung cancer is the leading cause of cancer related death worldwide with 1.4 million cases in 2008. 
Thus, there is an unmet need to identify novel treatment options for lung cancer patients in the clinic 
and  foster  the  understanding  of  tumor  biology.  The  Ph.D.  thesis  presented  here  focuses  on  the 
identification and  characterization of novel oncogenes  that play a  role  in  the onset of  lung  tumor 
development  as well  as  on  the  characterization  of  signaling  pathway  recruitment  downstream  of 
oncogenic receptor tyrosine kinases (RTKs). 
In  this  regard,  we  were  able  to  identify  two  genes  encoding  for  protein  kinases  being 
causative for tumor development and furthermore we were able to functionally validate both genes 
as being the relevant target of the respective inhibitor in‐vitro. In detail, we identified: 
‐ amplifications of  the human  version of  v‐src avian  sarcoma  (Schmidt‐Ruppin A‐2)  viral 
oncogene (cSRC) as being causative and predictive for the sensitivity towards the clinical 
approved Src‐Abl inhibitor dasatinib  
‐  amplifications of the fibroblast growth factor receptor 1 (FGFR1) as being causative and  
predictive for the sensitivity towards the FGFR protein family inhibitor PD173074   
‐ frequent  amplifications  of  FGFR1  in  squamous  cell  but  no  other  type  of  NSCLC  cells. 
Hence, we strongly suggest  to  treat patients suffering  from FGFR1 amplified squamous 
cell lung tumors with FGFR1 inhibitors. 
Furthermore,  we  utilized  in‐vitro  chemical‐genomic  approaches  and  genetic  engineering  to 
functionally  validate both,  cSRC  and  FGFR1,  as  the  relevant  targets of  the  respective  inhibitors  in 
amplified cell lines.  
And  finally, we extended our already established high‐throughput screening platform to be able to 
screen up to 1500 compounds as well as combinations of various signaling pathway inhibitors. To this 
end, we have  screened 136  inhibitor combinations on 105 genetically defined cell  lines  to  identify 
novel  treatment options as well as  specific  signaling pathway  recruitments within defined genetic 
conditions. 
  Thus, amplifications of cSRC as well as FGFR1 lead to responsiveness towards small molecule 
inhibitors  in NSCLC cells harboring amplification of either gene. We show that high throughput cell 
based screening of inhibitor combinations can be utilized to shed light into the complex recruitment 
of  signaling  pathways  downstream  of  RTKs  and  lead  to  novel  treatment  strategies  for  patients 
suffering  from  lung  cancer.  And  finally, we  identified  FGFR1  amplifications  in  up  to  20%  primary 
squamous  cell  lung  cancer  specimens,  strongly  suggesting  to  treat  these  patients  with  FGFR1 
inhibitors. 
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2. Zusammenfassung 
Lungenkrebs ist die häufigste Ursache für Krebs bezogene Todesfälle mit 1,4 Millionen Fällen im Jahr 
2008. Daraus ergibt sich ein dringender Bedarf sowohl an neuen therapeutischen Ansätzen als auch 
an einem besseren Verständnis der zugrundeliegenden Tumorbiologie. Die vorliegende Doktorarbeit 
beschäftigt sich mit der Identifikation und Validierung von Onkogenen die verantwortlich sind für die 
Lungentumorgenese  und  darüber  hinaus  mit  der  Charakterisierung  von  Signalwegen  die  von 
Onkogen wirkenden Rezeptor Tyrosin Kinasen (RTKs) rekrutiert werden.   
Der  in  dieser  Doktorarbeit  benutzte  experimentelle  Ansatz,  beruht  auf  der  systematischen 
Untersuchung einer grossen Menge an NSCLC‐Zelllinien. Diese Zelllinien wurden bereits im Zuge von 
Vorarbeiten  genetisch  charakterisiert  und  es  konnte  gezeigt  werden,  dass  alle  charakterisierten 
Zelllinien zusammen ein akkurates Abbild der genetischen Landschaft von primären Lungentumoren 
bilden. Zunächst wurde die Zelllinien‐Sammlung zunächst mit dem Tyrosinkinase‐Inhibitor Dasatinib 
behandelt  um  mit  den  gewonnenen  Sensitivitätsinformationen,    zusammen  mit  den  genetischen 
Informationen,  einen  genetischen  Marker  zu  identifizieren,  der  die  Sensitivität  von  NSCLC  Zellen 
vorhersagt. Hierzu wurde die Target Enriched Sensitivity Prediction  (TESP) Methode entwickelt und 
angewandt. Dabei wurden  v‐SRC  Avian  Sarcoma  (Schmidt‐Ruppin  A‐2)  Viral Oncogene  (SRC) Gen‐
Amplifikationen  als  mit  therapeutisch  nutzbarer  SRC‐Abhängigkeit  vergesellschaftet  identifiziert. 
Weitere funktionelle Experimente in einer Zelllinie mit SRC Amplifikation (H322M) bestätigen das von 
SRC  codierte Protein  als  therapeutisch  relevanter  Interaktionspartner  von Dasatinib  in‐vitro. Diese 
Abhängigkeit  kann  bereits  heute  mit  dem  klinisch  verfügbaren  SRC‐ABL  Hemmer  Dasatinib 
therapeutisch  genutzt  werden.  In  einem  weiteren  Experiment  wurde  die  eingangs  erwähnte 
Zelllinien  Sammlung  mit    PD173074,  einem  Hemmer  der  Fibroblasten Wachstumsfaktor  Rezeptor 
Familie  (FGFRs),  behandelt.  In  diesem  Falle  wurde  mit  Hilfe  des  K‐Nearest  Neightbor  (KNN) 
Algorithmus die Amplifikation des Chromosomenabschnitts 8p12 – in dem das FGFR1 Gen lokalisiert 
–  als  einziger  signifikanter  Prädiktor  für  die  Sensitivität  gegenüber  PD173074  gefunden.  Weitere 
funktionelle  in‐vitro  Experimente  bestätigten,  dass  das  FGFR1  Protein  das  Ziel  von  PD173074  in 
FGFR1‐amplifizierten  NSCLC  Zellen  ist.  Darüber  hinaus  konnte  dieser  Befund  in  in‐vivo  Xenograft 
Mausmodellen bestätigt werden bei denen implantiere FGFR1‐amplifizierte Tumore eine Regression 
zeigten  nach  der  Behandlung  der  Mäuse  mit  PD173074.  Weitere  Untersuchungen  von  primären 
Lungentumor Proben ergaben, dass in bis zu 20% der untersuchten Plattenepithel Karzinome jedoch 
lediglich  in  1%  der  untersuchten  Adeno  Karzinome  fokale  und  starke  FGFR1  Amplifikationen 
detektierbar sind. Diese Ergebnisse zeigen zum ersten Mal ein neues therapeutisches Ziel, speziell im 
Plattenepithel Subtyp von NSCLC Tumoren. 
Die zweite Frage die die vorliegende Doktorarbeit zu beantworten sucht, ist welche Signalwege durch 
RTK  ‐  Onkogene  aktiviert  werden  um  die  Tumorentwicklung  voranzutreiben.  Da  die  meisten 
Onkogene mehr  als  einen  Signalweg  aktivieren  ist  es  ein  vielversprechender Ansatz  verschiedene 
Signalweg Hemmer miteinander zu kombinieren. In einer ersten Studie konnten wir zeigen, dass die 
Kombination  eines  Phosphatidyl‐Inositol  3  Kinase  (PI3K)  Signalwegs  Inhibitor  (PI103)  mit  einem 
Mitogen‐Activated  Protein  Kinase  (MAPK)  Signalweg  Inhibitor  (PD0325901)  synergistisch  zu  einer 
signifikant  höheren  Induktion  von  Apoptose    in  NSCLC  Zelllinien  führt.  Im  weiteren  Verlauf  der 
Doktorarbeit  wurden  darüber  hinausgehend  systematisch  136  verschiedene  Signalwegs‐Hemmer 
Kombinationen auf 105 genetisch annotieren Zelllinien getestet. Signifikant  synergistisch wirkende 
Kombinationen  wurden  mithilfe,  eines  ebenfalls  im  Verlauf  der  Doktorarbeit  erarbeiteten 
mathematisch/biologischen Modells identifiziert. 
Zusammenfassend  konnten  in  dieser  Arbeit  neue  Beispiele  für  möglicherweise  klinisch  relevante 
Onkogenabhängigkeit  erarbeitet  werden.  Darüber  hinaus  konnten  wir  die  Signaltransduktion  im 
Kontext  von  aktivierten  Onkogenen  entschlüsseln  und  so  zur  Erhellung  der  komplexen  Biologie 
genetisch definierter Subtypen des Bronchialkarzinomes beitragen.  
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3. Introduction 
 
3.1 The origins and general classification of cancer 
The  term  carcinos,  the greek word  for crayfish, was  first  introduced by Hippocrates  (460  ‐ 370BC) 
because of "the veins stretched on all sides as the animal the crab has its feet, whence it derives its 
name"  (1). The  latin doctor Celsus (ca. 25BC – 50AD)  later translated the greek word “carcinos”, to 
todays latin word “cancer” (1). Today, the term cancer is commonly used to describe a disease were 
a group of cells is abnormally proliferating ‐ forming a tumor ‐ and, over time, spread to distant parts 
of the body and form metastases.  
In general, tumors are classified into benign and malignant categories. Benign tumors are separated 
from surrounding tissue by a basal membrane, can only grow locally restricted and lack the ability to 
spread into distant parts of the body. Therefore, benign tumors can be retracted by surgery and have 
a favorable clinical outcome. In stark contrast, due to lack of a basal lamina, malignant tumors grow 
more aggressively, can spread to distant parts of the body and have a more severe clinical outcome. 
Malignant tumors are classified based on the specialized cell type they originate from and the  
most  predominant  and  clinically  most  relevant  group  of  malignant  tumors  are  carcinomas.  They 
account for 80% of cancer related deaths  in the western world (2); due to the fact that carcinomas 
can arise from epithelial tissue originating from all three germlayers (ectoderm e.g., lung, mesoderm 
e.g., ovarian and endoderm e.g., liver).  
The remaining cancer related deaths are caused by tumors arising from: 
‐ connective tissues originating from the mesoderm (sarcomas), e.g., osteoblasts; 
‐ blood forming tissues (hematopoetic system), e.g., leukemias and lymphomas; or 
‐ components of  the central and peripheral nervous  system  (neuroectodermal  tumors), e.g., 
gliomas and neuroblastomas. 
To  fully  term  a  tumor,  the  aforementioned  classification  is  stated  together with  the name of  the 
organ where the primary tumor arises from. 
Taken  together,  the  disease  “cancer”  means  the  abnormal  proliferation  of  cells  that 
subsequently form a tumor.   Tumors are classified based the presence of a basal  lamina, the organ 
and tissue they arise from (2).  
 
 
3.2 The development of a tumor 
During this process, the genome is affected by a multitude of alterations ultimately leading to a fully 
transformed  malignant  tumor.  Genomic  alterations  (mutations  and  chromosomal  alterations) 
accumulate over  the years and are accelerated by external mutagenic agents  (e.g.,  tobacco smoke 
(3,4)).  When  certain  combinations  of  genomic  alterations  accumulate  in  the  same  cell, 
transformation  takes  place  and  tumorigenic  cell  behavior  occurs  (2).  This  model  of  tumor 
development explains three key observations. First, an increasing risk to develop a tumor later in live, 
simply  because  of  more  time  to  accumulate  genomic  alterations.  Second,  patients  that  already 
harbor  inherited genetic risk‐factors (e.g., mutations  in tumor suppressor genes), are more  likely to 
develop  a  tumor  early  in  live  (e.g.,  BRAC1  or  2  mutations  in  breast  cancer  (5)).  And  third,  the 
observation  that  exposure  to  carcinogenic  agents  (e.g.,  tobacco  smoke)  also  leads  to  earlier 
development of lung cancer due to a higher genomic mutation rate (3,4).  
From a cell‐biology point of view, the process of tumor development must include several key steps 
in order  to  facilitate  the malignant phenotype.   A  commonly accepted  idea  for a  “skill  set”  that a 
tumor cell has  to acquire, was proposed by Douglas Hanahan and Bob Weinberg  in  the year 2000, 
namely  evading  apoptosis,  unlimited  cell  division,  growth  factor  independency,  become  prone  to 
anti‐growth signals, attract new blood vessels and to metastasize to distant parts of the body (6). 
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 3.2.1 The ability to circumvent programmed cell death (apoptosis). 
In healthy cells of the adult body, apoptosis occurs when a cell is irreversibly damaged. Apoptosis can 
be triggered from outside signals (e.g., by activation of death receptors via the trail  ligand) or from 
signals  within  a  cell  (e.g.,  after  extensive  DNA  damage).  A  fine  balance  between  pro‐  and  anti‐
apoptotic  signals  tightly  regulates  initiation of  apoptosis.  For example,  in  case of  irreparable DNA 
damage, the balance is shifted towards pro‐apoptotic signals and irreversible apoptosis is induced.  
In  tumor cells,  the balance  is heavily  shifted  towards  the anti‐apoptotic  signaling  side;  thus  tumor 
cells  are  prone  to  signals  triggering  apoptosis  (2). Genomic  alterations  fostering  this  ability  are  a 
mandatory prerequisite to  initiate tumor formation. For example, tumor cells frequently activate of 
the PI3K pathway  leads to  inhibition of pro‐apoptotic and amplification of anti‐apoptotic signals via 
the protein kinase Akt (7).  
 
3.2.2 The ability to become independent of growth signals 
Proliferation  of  healthy  cells  only  occur  in  a  tightly  controlled  manner,  for  example  following 
stimulation  of membrane‐bound  receptors  by  growth‐signal molecules  released  from  neighboring 
cells or even  from a different parts of  the body. Upon binding of  these molecules  (e.g., Epidermal 
Growth  Factor  (EGF))  the  corresponding  receptor  is  activated  and  initiates  intrinsic  cell  signaling 
pathways. To proliferate  independently  from external growth  factor signals,  tumor cells utilize  two 
mechanisms. First, the growth signal receptor sequence  is altered and the corresponding protein  is 
locked  in  an  “always  active”  state  thereby  constantly  promoting  a  proliferation  signal,  e.g.,  EGFR 
mutations  in adenocarcinomas of the  lung (8,9).   Second, the tumor cell acquires an alteration that 
promotes the over‐expression of mRNAs coding for growth factor molecules. These are then released 
into the intercellular matrix and thereby activate corresponding receptors (10). For example, release 
of insulin like growth factor 1 following p21ras expression in tyroid epithelial cells (11). 
 
3.2.3 The ability to become prone to anti‐growth signals 
As aforementioned, tumor cells become independent of outside signals promoting proliferation.  
However,  in healthy tissues, cells are kept quiescent  in the G0 state until release for controlled cell 
proliferation. Cell cycle progression is tightly regulated by intrinsic factors, such as cyclin dependent 
kinases  (CDKs),  e.g., during  the  cell  cycle  checkpoints G1  to  S‐Phase  and G2‐Phase  to Mitosis. By 
contrast,  in  tumor  cells  these  regulating  signals  are  altered,  leading  to  uncontrolled  cell  cycle 
progression (2). For example,  in healthy cells anti‐growth signals predominantly funnel through the 
retinoblastoma protein (RB). RB interacts with transcription factors of the E2F family, hence altering 
the expression of genes that promote transition from the G1 into the S‐phase of the cell cycle (2). In 
order  to  foster  the malignant  phenotype,  tumor  cells  need  to  become  prone  to  these  inhibitory 
signals, e.g., by Loss‐of‐function mutations in the RB gene itself (12). 
 
3.2.4 The ability to indefinitely undergo cell division 
Physiological proliferation in normal tissues is a highly controlled process. In healthy cells the number 
of possible cell divisions is defined by the length of telomeres at the end of each chromosome (13). 
During each mitotic division about 100bp of telomere DNA is lost, hence limiting the number of cell 
divisions (14). In contrast to tumor cells where the gene TERT, that encodes for the catalytic subunit 
of  the  telomerase  complex  is  up‐regulated  and/or  amplified.  This  telomerase  complex  elongates 
telomeres  at  the  end  of  the  G2  phase  before  cell  division  thereby  re‐setting  the  cell  division 
“counter” and enables the tumor cell to divide indefinitely (15). 
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 3.2.5 The ability to initiate blood vessel sprouting 
In order to function all cells need a steady supply of nutrients and oxygen that are first transported 
via the blood stream and later via diffusion. When a tumor extend a size of approx. 0.2mm³ oxygen 
diffusion is not sufficient to supply the whole tumor; new blood vessels need to be formed to secure 
full supply of  the  inner part of  the  tumor. Most  tumors release Vascular Endothelia Growth Factor 
(VEGF)  protein into the extracellular matrix; initiating sprouting and attracting new blood vessels (2). 
 
3.2.6 The ability to invade into other parts of the body 
In all  solid  tissues, each  cell  is  connected  to other  cells by  integrins or other  connecting proteins. 
These junctions keep the cells close together and also transfer survival signals between cells. 
Many  types of healthy  cells  that  are detached  from  these  connections undergo  apoptosis  shortly 
afterwards (2). In the last developmental stage, tumor cells do no longer depend on survival signals 
from neighboring cells (transferred by e.g., cadherins and integrins), detach from the primary tumor 
site and are transported via the blood stream or the lymph vessel system to other parts of the body. 
There, they attach and form new tumors, leading to a secondary tumor site (16).  
 
3.3 (Cell) Biology of Cancer 
Cancer is a disease of the genome, where cells that constitute the final tumor have acquired a unique 
set  of  abilities.  These  are  acquired  by  changing  the  genomic  constitution  of  genes,  ultimately 
changing  cell  physiology  to  enable  the  full  malignant  phenotype.  Advances  in  high‐throughput 
sequencing  technologies  enabled  a  comprehensive  view  on  the  genomic  changes  in  cancer.  The 
sheer amount of genomic alterations observed  in  tumor cells  is staggering  (17‐19) with more  than 
150 subtle genomic changes observed in one single tumor (17). Thus, it is tempting to conclude that 
every tumor  is absolutely unique on  its own suggesting that no effective therapeutic strategy could 
be developed against molecularly defined classes of tumors. However, a careful analysis of functional 
cell  signaling pathways  affected by  the multitude of  cancer  genome  alterations has  revealed  that 
ultimately, all of these alterations affected only a limited repertoire of pathways that are required for 
transformation according to the Hanahan and Weinberg dogma (20,21). Therefore,  in addition to a 
genetic “driver”´‐oriented view of cancer genomics  (wherein single alterations  functionally support 
the acquisition of more than one of the Hanahan and Weinberg criteria, e.g.,, EGFR mutations), these 
observations  support  a  pathway‐oriented  view,  which  takes  into  account  multiple  genetic 
possibilities for the activation of each required pathway. 
 
3.3.1 Oncogenic signaling pathways frequently activated in tumor cells 
The signaling pathways are composed of several proteins, mostly kinases, which are being activated 
sequentially (Figure 1). The main function is the transfer from extracellular signals into the cytoplasm 
and  nucleus where  they  alter  the  function  of  proteins  and  expression  of  transcription  factors  or 
proteins. Signaling pathway functions are frequently altered in tumors, fulfilling most of the Hanahan 
and Weinberg criteria. 
 
The Mitotic activated Pathway Kinase (MAPK) pathway  
Activating signals commonly arise from membrane bound tyrosine kinases (e.g., EGFRs) via adaptor 
proteins (e.g., Grb2) to Son of Sevenless (SOS) (a guanine exchange factor (GEF)), to the GTPase RAS 
(Figure 1). Activated RAS protein  can phosphorylate and  therefore activate  the Phospho‐Inositol3‐
Kinase (PI3K) via its RAS binding domain, but also activate the downstream kinase ERK1/2 (MAPK) via 
the  kinases  RAF  and  MEK.  The  MAPK  pathway  regulates  transcription  factors  that  control 
proliferation and protein synthesis (2).  
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The PhosphoInositol3 Kinase (PI3K) pathway 
This  pathway  signals  parallel  to  the  MAPK  pathway  and  is  activated  similarly  (Figure  1).  Upon 
activation  of membrane  bound RTKs,  p85,  the  regulatory  subunit  of  the  PI3K  protein  complex,  is 
activated  and  in  turn  activates  the  catalytic  subunit  p110  (PI3CA).  Upon  activation,  p110 
phosphorylates  phosphatidylinositol  (PtdIns)  leading  to  Phosphatidylinositol  3‐phosphate  (PI(3)P).  
PI(3)P in turn activates downstream protein kinases in the PI3K pathway. The phosphatase and tensin 
homolog  (pTEN) belongs  to  the phosphatase protein  family  and dephosphorylates PI(3)P,  thereby 
antagonizing  the  PIK3  signal  (22).  Loss  of  pTEN  function  in  lung  tumors  confers  resistance  to 
abrogation  of  the  EGFR  signal  by  small  molecule  inhibitors  such  as  erlotinib  or  gefitinib  (23). 
Following the release of PI(3)P, the tyrosine kinase PDK‐1 is recruited to the cell membrane, activated 
and in turn further activates different substrates. One of the most important substrates activated by 
PDK‐1  is another protein kinase  termed Akt  (or PKB). Upon activation, Akt mediates anti‐apoptotic 
signals. For example, the pro‐apoptotic protein BAD is phosphorylated by Akt on Serin 126 resulting 
in  its deactivation. Moreover, Akt activates anti‐apoptotic members of the BCL‐2 family,  inactivates 
Caspase 9 and  interacts with members of  the FOXO  transcription  factor  family,  thereby enhancing 
the transcription of anti‐apoptotic proteins (7). The second important role of Akt is the activation of 
the  TORC1  and  TORC2  complexes,  central  regulators  of  cap‐dependent  translation  and  cell 
metabolism.  
 
 
 
 
Figure 1: The PI3K and MAPK 
pathways.  
Both  pathways  are  being 
activated  by  cellmembrane 
bound  tyrosine  kinases 
(RTKs) via Grb2 and SOS. In 
the  case  of  the  MAPK 
pathway, SOS activates RAS 
and subsequently RAF, MEK 
and ERK are being activated 
sequentially.  In  the  case of 
the  PI3K  pathway,  GRB2 
directly  interacts with  p85, 
the regulator subunit of the 
PI3  kinase  complex, 
thereby  activating  the 
kina lf  and 
subsequent  downstre m 
sign   of kt  and 
TORC1/2.  Activation 
downstream    the  PI3K 
(p110/p85)  complex  is 
abrogated  the 
phosphatase  pTEN. 
Activation  of  he  protein 
kinase  Ak   eads  to 
inactivation  of  the 
se  itse
a
aling   A
of
by 
t
t l
pro‐
 factor BAD. 
 
apoptotic
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3.3.2 Tumor suppressor genes frequently mutated in cancer 
ne of the most frequent mutated 
enes in cancer (http://www.sanger.ac.uk/genetics/CGP/cosmic/).  
tic cycle. Whereas tumor cells, where RB function is lost, uncontrolled cell cycle progression 
ccurs.  
.3.3 Oncogenes in cancer  
PK 
ignaling pathway, which can be therapeutically targeted by small molecule kinase inhibitors (25).  
 
The p53 protein complex 
The p53 complex is a key regulator of stress response in cells. Under normal conditions, p53 is locked 
in  an  inactive  state  in  the  cytoplasm  and  becomes  activated  in  response  to  severe  cell  stress 
triggered  by  e.g.,  DNA  damage,  oncogene  signaling  or  hypoxia.  Upon  activation,  p53  acts  as  a 
transcription  factor  for  proteins  regulating  the  cell  cycle,  thereby  causing  a  stop  in  cell  cycle 
progression. Following such an event, two outcomes are possible. First, if the cell or DNA damage is 
too severe to be repaired, and p53 activates the apoptotic cascade leading to cell death and second, 
after DNA damage  is repaired, p53 releases  its blockade and cell cycle progression occurs again (2). 
P53  is  a main  regulator  to monitor  aberrant  cell  intrinsic  signaling  and DNA damage.  Loss of p53 
results  in  more  tolerance  to  aberrant  cell  signaling  and  DNA  damage  thereby  fostering  tumor 
development. This role is reflected by the observation that p53 is o
g
 
The Rentinoblastom Protein (RB) 
The RB protein functions as a tumor suppressor and  is frequently mutated  in many types of cancer 
(http://www.sanger.ac.uk/genetics/CGP/cosmic/).  RB controls the transit from the G1 to the S phase 
of the cell cycle by binding to and thereby  inhibiting transcription factors of the E2F family (24). As 
long as E2F transcription factors are blocked, the cell is arrested in the G1 phase of the cell cycle.  In 
healthy cells, RB is deactivated via members of the CDK family, when the cells ready to proceed to a 
new mito
o
 
3
 
RAS as an example of Small GTPases 
The members of  the RAS  family belong  to  the group of small GTPases. Similar  to kinases, GTPases 
transfer signals by direct interaction with other proteins upon phosphorylation. Unlike kinases (which 
use Adenosin Tri‐Phosphate  (ATP)), GTPases use Guanine Tri‐Phosphate  (GTP)  as a  substrate. RAS 
family members become  activated by RTKs  and  subsequently  activate  various  signaling pathways, 
including  the PI3K pathway by direct  interaction with PIK3CA, the MAPK pathway by activating the 
serin/threonine  kinase  RAF  and  the  Ral‐GEF  pathway  which  enables  cellular  motility  through 
interaction with the cytoskeleton (2). Thus, mutations that foster RAS activity are frequently found in 
tumors, unfortunately to this point GTPases could not be pharmacologically  inhibited. However, we 
and  others  have  recently  identified  dependency  of  RAS‐mutant  tumors  primarily  on  the  MA
s
 
Kinases altered in tumors 
Sequence  alterations  in  genes  coding  for  kinases  are  the most  frequent way  to  alter  the  protein 
function forcing the protein kinase  in an “always‐on” state. This  leads to a permanent activation of 
cell  internal signaling pathways and fulfillment of many of the cancer criteria proposed by Hanahan 
and Weinberg (6). Prominent examples are mutations in the EGF Receptor (9,26), the PDGF and cKit 
receptor tyrosine kinases in GIST tumors (27). Alternatively, kinases can be activated by amplification 
of  the gene encoding  the  respective protein  (e.g., ERBB2  (28) and  the proto‐oncogene MET  (29)). 
Fusion of a functional kinase domain of one protein to a regulatory subunit of another protein can 
also render a kinase domain  in an “always on” state. Prominent examples are the fusion of the ALK 
kinase domain to NPM in anaplastic large cell lymphomas (30) and to EML4 in lung adenocarcinomas 
(31). In contrast to GTPases, kinases can be pharmacologically inhibited and some are already being 
used  today  to  treat  cancer patients  in  the  clinic. Examples  for  these  “targeted drugs” are  the Abl 
inhibitor imatinib that is being used to treat patients suffering from BCR‐Abl positive chronic myeloid 
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leukemia and rare cases of cKIT or PDGFRa mutated GIST tumors (27). And also the usage of erlotinib 
and  gefitinib,  inhibitors  of  the  EGF  receptor,  for  the  treatment  of  EGF  Receptor  mutated 
denocarcinomas of the lung (9). 
 
nd squamous cell lung tumors (35) have clearly evidenced a role for FGFRs in cancer development.  
 
significant  longer  overall  survival  when  compared  to 
treatme
d to an enhanced understanding of tumor biology and also 
r novel treatment option in the clinic.  
 
as originally based on the size of cells 
seen by
a
 
The family of Fibroblast Growth factors receptors (FGFRs) 
FGFRs  belong  to  the  class  of membrane  located  receptor  tyrosine  kinases  (RTKs)  and  the  family 
consists of four members (termed FGFR1 to 4).  FGFRs are expressed in the variety of tissues, play an 
important role during embryonic development and, in later live, during all major tissue regeneration 
processes  (32).  FGFRs  are  activated upon binding of  fibroblast  growth  factors  (FGFs),  followed by 
dimerisation of FGFR monomers and activation of downstream signaling proteins, such as FRS2 (32). 
Following  activation,  the  MAPK  pathway  gets  predominately  activated  and  transfers  signals 
throughout  the  cell,  controlling  differentiation,  proliferation  and  anti‐apoptosis.  FGFRs  mutations 
have  been  predominantly  found  in  breast  carcinomas  (http://www.sanger.ac.uk/genetics/CGP/ 
cosmic/), but also in various other cancer types. Recent studies of FGFRs in ovarian (33), Breast (34)
a
3.4 The Oncogene dependency model 
In most tumors, a plethora of genomic alterations synergistically cause the malignant phenotype. In 
most cases  inhibition of one gain‐of‐function aberration alone  is  therefore not  sufficient  to  inhibit 
tumor progression. However,  in a  fraction of  tumors, one genomic aberration  is driving  the whole 
malignant phenotype and rendering the whole tumor solely dependent on this one aberration (36). 
These alterations are mostly gain‐of‐function mutations of  tyrosine kinases  (e.g., EGFR, PDGFRa or 
cKit mutations), as well as fusion of two protein parts (e.g., BCR‐Abl or EML4‐Alk). Unfortunately, all 
oncogenic driver oncogenes identified so far are only active in tumors originating from tissues where 
these genes harbor a physiological  function. Therefore, extensive  research  is necessary  to  identify 
driver genes for each single tumor type. Examples of oncogenes, already being used  in the clinic as 
molecular  targets,  include  the  fusion proteins BCR‐ABL  (37) and EML4‐Alk  (38) as well as mutated 
EGFR (9). The presence of such targets further demonstrates the necessity to examine the tumor of 
each patient for alterations of known oncogenes that are predictive to certain treatments. Clinically, 
dependency on the function of a single protein alone opens a unique therapeutic opportunity since 
inhibition of this protein has a severe effect on the tumor, but much  less so on healthy cells  in the 
body.  For  example,  patients  suffering  from  EGFR  mutated  lung  adenocarcinomas  that  are  being 
treated  with  targeted  therapeutics  show  a 
nt with standard chemotherapy (39). 
Taken together, each tumor harbors a unique set of genomic alterations  leading to a set of 
abilities  a  tumor  requires  to  become  fully  transformed.  Although  many  mutations  are  found  in 
tumors, only a handful of oncogenes and tumor suppressor genes are affected. In some cases even 
one mutation is sufficient to enable the specific malignant phenotype. These observations lead to the 
following conclusions: First, more  research  for each  tumor  type  is necessary  to  identify genes  that 
can drive the malignant phenotype. Second,  intensive research  is necessary to  identify downstream 
pathway usage in tumors; that would lea
fo
3.5 The pathology of lung cancer 
Lung cancer  is a disease of tumor formation  in the  lung, eventually followed by metastazation  into 
the  body.    It  is  the  leading  cause  of  cancer‐related  death worldwide  (1.4 million  in  2008,  http:// 
globocan.iarc.fr).  Histologicaly,  lung  cancer  is  separated  in  two  major  subtypes;  non‐small  cell 
(NSCLC) and small cell (SCLC) lung cancer.  This classification w
 microscopic examination and mitotic cell division rate. 
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SCLC typically arises from airway bronchioles and rapidly increases in size due to an average 
tumor doubling time of 81 days (40,41). SCLC tumors initially respond dramatically to chemotherapy 
and  radiation  treatment but almost all patients  suffer  from a  recurrence; a  re‐grown  tumor being 
mostly 
 
c
h smoking 
(44).  L
uroendocrine lung cancer.  
enic  lesions. Overall,  the  five year  survival  rate of all  lung  cancer patients 
trongly depends on the stage they are diagnosed at and varies from 80%  (stage  I) to  less than 1% 
able 1. Survival rate stro rrelates with stage at  4th Edition,2005) 
rvival rate with treatment 
resistant  to  the  initial  treatment  (41).  Five‐year  overall  survival  rate  for  extensive  disease 
SCLCs is below 5 % (42).  
NSCLC  is  further  divided  into  several  subtypes,  depending  on  the  tissue  of  origin;  with 
adenocarcinomas  and  squamous‐cell  carcinomas  being  the  most  common  subtypes  (42). 
Adenocarcinomas arise from epithelial cells, forming glandular tissue in the periphery of the alveolar 
system. They account  for approximately 40%  (43) of all  lung  cancer  cases, whereas  squamous‐cell 
lung  arcinomas  arise  from  epithelial  cells  that  form  a  layer  covering  the  main  bronchus.  They 
account for 30 to 35% of all lung cancer cases (43) and are almost invariably associated wit
arge‐cell  carcinoma  is  another  histological  subtype.  In  rare  cases,  these  tumors  a 
neuroendocrine differentiation and are thus called large‐cell ne
Other tumors occurring in the lung include carcinoids, sarcomas and metastases from tumors 
originating from other sites (e.g., colonic adenocarcinomas). 
Of  all  lung  cancer  cases,  about  90%  are most  likely being  caused by  exposure  to  tobacco 
smoke  (44).    In addition  to smoking  further carcinogens were described such as  (Asbestos, Radon, 
and passive smoking).  In about 10 percent of patients with  lung cancer no environmental  influence 
causative for lung cancer can be detected. As shown below, lung tumors in these patients are mainly 
driven by  specific oncog
s
(stageIV, Table 1, (42)). 
 
T ngly co  diagnosis (Schmoll
Stage  5 year su
  SCLC  on SCLC N
Limited disease  0‐15% 1  
Extensive disease  % 5  
Stage Ia    75‐80% 
Stage Ib+IIa     55‐60%
Stage IIb    35‐45% 
Stage IIIa     ~25%
Stage IIIb    5% 
Stage IV    <1% 
 
(IIIb/IV)  and  cannot  undergo  complete 
 
3.6 Treatment of lung cancer 
The  identification of  the exact  tumor  type  from each patient  is mandatory  to  choose  the optimal 
treatment  strategy.   Patients  suffering  from a SCLC  tumor are  initially  treated with  chemotherapy 
and radiation of the affected area (42).  As mentioned above, these tumors inevitably recur after an 
initial response and lead to rapid death of the patient. Patients with non‐small cell lung tumors (stage 
I  to  IIIa)  undergo  surgery,  frequently  in  combination with  chemotherapy  (45)  leading  to  a  stage‐
dependent median overall survival of up to 80% for stage I and ~23% for stage IIIa patients (Table1). 
Most  patients  present  with  advanced  stage  lung  cancer 
resection with a curative intention. For these patients palliative chemotherapy is the only therapeutic 
option and the five‐year survival rate is very low (<5%)(42). 
Recent advances in the understanding of the molecular biology of lung adenocarcinomas have led to 
the  identification  of  genomic  alterations  with  therapeutic  implications.  In  2004  mutations  in  the 
Epidermal Growth Factor Receptor (EGFR) were discovered  in tumors of patients that responded to 
the EGFR inhibitor gefitinib (9,26). Depending on ethnicity, gender and smoking status EGFR mutant 
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tumors account for up to 20‐30% of all lung adenocarcinomas. EGFR mutations are strongly enriched 
in tumors of never‐smokers, females or patients of Asian origin (46,47). Treatment of these patients 
with  the  EGFR  inhibitors  erlotinib  or  gefitinib  leads  to  significantly  prolonged  progression‐free 
survival time compared to treatment with standard chemotherapy  (39,48)  leading to a  long overall 
survival of greater than 2 years (49). More recently, the first recurrent translocation in a solid tumor 
involving  a  tyrosine  kinase  was  identified  in  lung  cancer.  In  a  subset  of  lung  adenocarcinomas 
(around 3%) a chimeric transcript was discovered that encodes a fusion protein  involving the EML4 
and ALK proteins (31). The chimeric protein exhibits constitutive kinase activity leading to malignant 
transformation in‐vitro (31) and in‐vivo (50) and induces dependency on ALK kinase activity. Of note, 
patients  harboring  EML4‐ALK  translocated  tumors,  dramatically  respond  to  the  small  molecule 
inhibitor  crizotinib  (38).  Unfortunately,  overtime,  all  tumors  become  resistant  to  treatment  with 
EGFR‐TKIs and crizotinib. Several resistance mechanisms have been  identified  in EGFR mutant  lung 
cancer.  For  example  50%  of  all  EGFR  mutant  lung  tumors  aquire  a  secondary  mutation  in  gene 
sequence coding for the EGFR protein, leading to an aminoacid change from tyrosine to methionine 
at position 790  in the kinase domain.   As a result, EGFR  inhibitors are unable to gain access to the 
ATP  binding  pocket  and  abrogate  the  emerging  signal  (51,52).  Other  resistance  mechanisms 
identified so far, include the amplification of the proto‐oncogene MET (29), enabling the cells to rely 
on another RTK‐survival signal and  loss of the tumor suppressor pTEN, enabling the cells to prolong 
the activation of PI3K signal (23). Therefore, more research  is necessary to  identify und understand 
the bio
d to the  identification of genomic alterations, which 
nder 
  w
Thus, 
erapeutically tractable genetic alterations had so far been missing in this lung cancer subtype that 
 invariably associated with smoking and characterized by resistance to therapy and lethality. 
 
 
logy of  resistance mechanisms and  transfer  this knowledge  into  clinical  relevant  treatment 
options. 
Taken  together,  these  findings  show  that  ‐  although  not  the most  effective  ‐  chemo  and 
radiation  therapy  is  still  the  first  treatment  option  for  most  lung  cancer  tumor  (42,45).  Recent 
breakthroughs  in the field of tumor biology  lea
re a tumor sensitive to its abrogation. It is imperative to screen patients for the presence of such 
alterations and stratify treatment accordingly. 
   Unfortunately,  these  discoveries  have  so  far  been  limited  to  the  rare  adenocarcinoma 
subtype of  lung cancer occurring  in patients who had never smoked.  In squamous‐cell  lung cancer, 
frequent amplifications of  the SOX2  lineage transcription  factor gene  ere  recently discovered by 
high‐resolution  genomic  profiling  of  primary  lung  cancer  specimens  (53).  However,  at  this  point, 
therapeutic  interdiction  of  transcription  factor  function  is  not  chemically  feasible. 
th
is
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3. Aims of the thesis 
 
The Ph.D thesis presented here, aims to answer two major questions. 
 
1. To identify novel dependencies of lung cancers on genetically activated oncoproteins 
Primarily, this goal will be pursued by screening of genomically annotated lung cancer cell lines 
against large libraries of inhibitors of various oncogenic signaling pathways. We will determine the 
primary driving genetic alteration by computational prediction, followed by functional cell biology 
validation. To this end, orthogonal cellular and mouse models of cancer will be employed involving 
various types of genetic and pharmacological manipulation. 
 
2. To characterize functionally, both qualitatively and quantitatively, the signaling pathways 
engaged by mutant oncoproteins in lung cancer 
The availability of genetically defined cellular models as well as genetically manipulated isogenic cell 
lines enables us to study in detail the functional consequences of oncogenic addiction through 
oncogene activation. We will apply both gene knockdown techniques (lentiviral RNA interference by 
hairpin RNAs) as well as a chemical genetics method exploiting structure‐based predictions of 
compound binding. Herein, engineered resistant variants of the target protein will be employed to 
formally validate the impact of a given compound on a predicted target. These experiments will be 
complemented by conventional signaling studies involving biochemical techniques. 
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4. Publications with own contributions 
4.1 PTEN Loss Contributes  to Erlotinib Resistance  in EGFR‐Mutant Lung Cancer by 
Activation of Akt and EGFR 
 
Martin L. Sos, Mirjam Koker, Barbara A. Weir, Stefanie Heynck, Rosalia Rabinovsky, Thomas Zander, 
Jens M. Seeger, Jonathan Weiss, Florian Fischer, Peter Frommolt, Kathrin Michel, Martin Peifer, Craig 
Mermel, Luc Girard, Michael Peyton, Adi F. Gazdar, John D. Minna, Levi A. Garraway, Hamid Kashkar, 
William Pao, Matthew Meyerson and Roman K. Thomas 
 
Original abstract of the publication 
Clinical  resistance  to  epidermal  growth  factor  receptor  (EGFR)  inhibition  in  lung  cancer  has  been 
linked to the emergence of the EGFR T790M resistance mutation or amplification of MET. Additional 
mechanisms contributing to EGFR inhibitor resistance remain elusive. By applying combined analyses 
of  gene expression,  copy number,  and biochemical  analyses of EGFR  inhibitor  responsiveness, we 
identified heterozygous loss of PTEN to segregate EGFR dependent and EGFR‐independent cells. We 
show  that  in EGFR‐dependent  cells, PTEN  loss partially uncouples mutant EGFR  from downstream 
signaling and activates EGFR,  thereby  contributing  to erlotinib  resistance. The  clinical  relevance of 
our findings is supported by the observation of PTEN loss in 1 out of 24 primary EGFR‐mutant non–
small cell lung cancer (NSCLC) tumors. These results suggest a novel resistance mechanism in EGFR‐
mutant NSCLC tumors.  
 
Own contributions 
In this project, my responsibility was to validate the activation of Akt as one of the required effectors 
of PTEN loss in the setting of acquired erlotinib resistance. These experiments involved packaging the 
cDNA encoding the Akt protein fused to a myrestilation tag into replication incompetent retroviruses.  
The  myr‐tag  forces  the  localization  to  the  cell  membrane  and  thereby  rendering  Akt  to  be 
constitutively  active.  I  subsequently  performed  transduction  of  H3255  cells  with  these  retroviral 
particles, followed by Puromycin selection to obtain stable clones. I further treated these cells with 
different  concentrations of  erlotinib, prepared protein  lysates  and westernblots  to determine  the 
phosphorylation  levels of EGFR and Akt, demonstrating that  in parental and transduced H3255 cells 
phosphorylation of EGFR is lost upon treatment with erlotinib. As expected, phosphorylation of Akt is 
lost in parental, but not in H3255 cells expressing myrestilated Akt. These results clearly showed that, 
in H3255 cells, EGFR signals downstream to Akt and furthermore that this signal could be rescued by 
expressing  the  constitutive  active  version  of  Akt.  I  further  prepared  the  figure  4c  as  seen  in  the 
publication.  
 
Concluding remarks 
Understanding  resistance mechanisms  to  tumor  therapies  is mandatory  to explore new  treatment 
options  for  patients  in  a  relapsed  clinical  setting  and  important  to  gain  new  insights  into  tumor 
biology.  In  this  study, PTEN deletions were  identified  as  a possible mechanism  for  acquired  EGFR 
inhibitor resistance by a prolonged and stronger activation of the PI3K pathway. This finding suggests 
to  analyze  primary  patient  tumors  for  pre‐existing  or,  in  a  relapsed  situation,  acquired  PTEN 
deletions.  Moreover,  our  finding  strongly  suggests  to  treat  these  patients  with  PI3K  pathway 
inhibitors in order to circumvent the effect of PTEN deletions.  
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Abstract
Clinical resistance to epidermal growth factor receptor
(EGFR) inhibition in lung cancer has been linked to the
emergence of the EGFR T790M resistance mutation or
amplification of MET. Additional mechanisms contributing
to EGFR inhibitor resistance remain elusive. By applying
combined analyses of gene expression, copy number, and
biochemical analyses of EGFR inhibitor responsiveness, we
identified homozygous loss of PTEN to segregate EGFR-
dependent and EGFR-independent cells. We show that in
EGFR-dependent cells, PTEN loss partially uncouples mutant
EGFR from downstream signaling and activates EGFR, thereby
contributing to erlotinib resistance. The clinical relevance of
our findings is supported by the observation of PTEN loss in
1 out of 24 primary EGFR-mutant non–small cell lung cancer
(NSCLC) tumors. These results suggest a novel resistance
mechanism in EGFR-mutant NSCLC involving PTEN loss.
[Cancer Res 2009;69(8):3256–61]
Introduction
Activating mutations in the epidermal growth factor receptor
(EGFR) are present in f10% of non–small cell lung cancers
(NSCLC) in Caucasian patients and in up to 40% of East-Asian
patients. By contrast, EGFR mutations are much more rare in
African Americans. These mutations lead to the ‘‘addiction’’ of
mutant cells to the oncogenic signals driven by mutant EGFR.
This dependency is thought to be the cause of the clinical
observations that EGFR-mutant tumors shrink when treated with
EGFR inhibitors (1, 2). Eventually, these tumors recur; in f60% to
70% (3) of cases, this has been linked to the emergence of either
the T790M resistance mutation of EGFR or amplification of MET
(2–4). However, a mechanistic explanation for acquired resistance
in the remaining cases is lacking.
Here, we used a large collection of genomically characterized
NSCLC cell lines in order to derive genomic features that segregate
EGFR-dependent from EGFR-independent EGFR-mutant lung
tumor cells. We combined computational, biochemical, and cellular
approaches to identify novel, clinically relevant mechanisms
uncoupling EGFR-dependent tumors from downstream signaling.
Materials and Methods
A detailed description of all methods is given in the Supplementary
Methods. As part of a larger effort to characterize the genomes of NSCLC,
we have collected 84 NSCLC cell lines, which we analyzed for chromosomal
gene copy number alterations, mutations, as well as transcriptional
changes. The detailed description of this collection will be published
elsewhere. Here, a subset of 53 of these cell lines was studied
(Supplementary Table S1). Hierarchical clustering was performed using
dCHIP. Genomic lesions differentiating between erlotinib-sensitive and
erlotinib-insensitive cells were analyzed by inferring the mean copy number
of chromosomal windows from five contiguous loci. Statistical analyses
were performed using R.
Results and Discussion
In order to analyze oncogene dependencies in lung cancer, we
used a collection of 84 NSCLC cell lines that we have recently
characterized in-depth genomically and phenotypically (Supple-
mentary Table S1).14
We performed hierarchical clustering of gene expression data of
53 of these lines. In this analysis, the EGFR-mutant cell line, H1650,
did not share a cluster with all other EGFR-mutant cell lines
(Fig. 1A). This cell line has previously been reported to be erlotinib-
resistant, despite lacking known resistance mechanisms (Fig. 1A ;
ref. 5).
Confirming these observations, H1650 cells were erlotinib-
resistant with a half-maximal inhibitory concentration (IC50) of
2.13 Amol/L (Fig. 1B). As previously reported, EGFR-mutant
HCC827 cells were erlotinib-sensitive (IC50, 0.02 Amol/L), whereas
H1975 cells expressing both the erlotinib-sensitizing L858R
mutation and the T790M resistance mutation were resistant
(IC50 > 10 Amol/L; Fig. 1B ; refs. 5, 6). Treatment with 100 nmol/L of
Note: Supplementary data for this article are available at Cancer Research Online
(http://cancerres.aacrjournals.org/).
Requests for reprints: Roman K. Thomas, Max-Planck-Institute for Neurological
Research, Gleueler Street 50, Cologne 50931, Germany. Phone: 49-221-472-6259;
Fax: 49-221-472-6298; E-mail: nini@nf.mpg.de.
I2009 American Association for Cancer Research.
doi:10.1158/0008-5472.CAN-08-4055 14 M.L. Sos et al., under revision.
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erlotinib led to the dephosphorylation of EGFR in H1650 and
HCC827 but not in H1975 cells (Fig. 1C). However, although the
dephosphorylation of EGFR was accompanied by a reduction in
p-Akt levels in erlotinib-sensitive HCC827 cells, H1650 cells
retained high levels of p-Akt despite inhibition of EGFR (Fig. 1C).
By contrast, erlotinib-mediated inhibition of known signal trans-
ducers of the EGFR such as ErbB3, STAT3, and ERK was similar to
the levels observed in HCC827, consistent with the uncoupling of
mutant EGFR from downstream survival signaling at the level of
Akt (Fig. 1C).
We speculated that chromosomal aberrations might be causa-
tively involved in this phenotype and sought for chromosomal
regions displaying differential copy numbers between H1650 cells
and the EGFR -mutant and erlotinib-sensitive cell lines. We
identified 13 H1650-specific chromosomal loci harboring nine
known genes, including a chromosomal region affected by
homozygous deletion 3¶ to the locus containing the tumor
suppressor gene PTEN (Fig. 2A ; ref. 7). Furthermore, when
analyzing the transcription of IGFBP2, a marker predictive of
PTEN loss in glioblastoma (8), H1650 was the highest scoring line
Figure 1. An EGFR independence signature in H1650 cells. A, hierarchical clustering of 53 NSCLC cells according to gene expression. Erlotinib sensitivity
(IC50 < 1 Amol/L, red ; IC50 > 1 Amol/L, gray ) and EGFR mutations (EGFR-mutant, black ; T790M, red ; EGFR wild-type, gray ) as well as MET amplification (black ).
B, left, cellular viability as a function of erlotinib dose for all three cell lines studied. Right, mutation status and IC50 values. C, cells were treated with different doses of
erlotinib. Activation of EGFR and downstream signaling pathways was determined by analyzing the amount of phosphorylated versions of the respective proteins
in comparison with their total levels using phosphorylation-specific antibodies.
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in our panel (data not shown). PTEN counteracts Akt activation by
dephosphorylating phosphatidylinositol-3,4,5-triphosphate (PIP3),
the product of class I phosphoinositide-3-kinases (7, 9). Because
PTEN loss has been shown to be involved in EGFR inhibitor
resistance in some tumor cell lines (10, 11) and in glioblastoma
patients (12), we reasoned that PTEN loss might also be involved in
the EGFR-independent phenotype of H1650. Furthermore, lack of
PTEN protein expression has previously been speculated to be
involved in erlotinib resistance in H1650 cells (13, 14).
To determine whether loss of PTEN protein in H1650 cells (13,
14) might be caused by genomic loss, we mapped the PTEN locus
by quantitative PCR. Fine-mapping followed by long-distance PCR
revealed that the homozygous deletion (spanning 16.8 kb) leads to
the deletion of the 3¶ part of exon 8 and the entire exon 9 (Fig. 2B).
The deletion results in a COOH-terminally truncated protein that
could only be detected using antibodies against NH2-terminal
epitopes (Fig. 2C). Previous functional genetics experiments have
shown a critical role of the COOH-terminal part of PTEN (15).
Thus, the COOH-terminal deletion in H1650 cells might be causally
involved in uncoupling mutant EGFR from downstream Akt
survival signaling.
We next analyzed a panel of 140 primary lung adenocarcinomas
(predominantly Caucasian patients), annotated for copy number
alterations and mutations in 623 genes, for the presence of co-
occurring lesions in PTEN and EGFR (16, 17). We found co-
occurrence of homozygous deletion of PTEN and EGFR mutation
in 1 out of 24 samples with EGFR mutations (Fig. 2D). Thus,
primary resistance of EGFR-mutant NSCLC might, in rare cases, be
due to homozygous loss of PTEN . Furthermore, we found
hemizygous loss of chromosome 10 to be significantly enriched
in EGFR-mutant patients in the cohort of 140 primary samples
(P = 0.012; data not shown). Loss of the other allele by mutation
Figure 2. Genomic characterization of PTEN loss in H1650 cells. A, list of genes affected by differential lesions between H1650 cells and EGFR-mutant and
erlotinib-sensitive cell lines. B, left, screenshot showing chromosomal aberrations at chromosome 10 (Integrative Genomics Viewer; http://www.broad.mit.edu/igv/) of all
EGFR -mutant cells. Middle, 3¶-region mapping of PTEN using quantitative PCR reveals a homozygous deletion deleting parts of exon 8 and the entire exon 9.
Right, the sequence bridging the breakpoint. C, left, PTEN protein status determined using immunoblotting in different NSCLC cell lines. Right, NH2-terminal and
COOH-terminal PTEN detection by immunoblotting. LNCAP cells, known to express a truncated version of PTEN , served as controls. D, analysis of EGFR mutations
(red) and homozygous deletions of PTEN (black ) and PTEN mutations (blue ) in 140 lung cancer biopsy specimens.
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Figure 3. Erlotinib resistance in EGFR-mutated NSCLC with PTEN loss. A, left, in H1650PTEN cells, PTEN levels were determined by immunoblotting. Right, levels of
phospho-EGFR and phospho-AKT were assessed by immunoblotting in H1650, H1650MOCK, and H1650PTEN cells treated with erlotinib. B, left, in PC9PTENkd cells,
PTEN levels were determined by immunoblotting. Right, levels of phospho-EGFR and phospho-AKT were assessed in PC9, PC9CONTkd, and PC9PTENkd cells treated
with erlotinib. C, left, percentage of apoptotic cells (in %, analyzed by measuring the fraction of cells positive for Annexin V and/or propidium iodide by flow cytometry)
after treatment with either erlotinib (1 Amol/L) or control. Right, cumulative histograms of apoptosis induction. D, levels of Bim (EL , extra long; L, long; S, short),
phospho-ERK, phospho-pAKT, and actin were measured after serum starvation (serum starvation ‘‘+’’), EGF stimulation (EGF ‘‘+’’), or treatment with erlotinib (1 Amol/L
erlotinib ‘‘+’’) for 24 h.
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might thus confer acquired resistance in patients initially
responding to EGFR inhibition. This notion is also supported by
a previous study reporting favorable survival of EGFR-mutant
patients with high expression of PTEN (18).
We reconstituted wild-type PTEN in H1650 cells by stable
retroviral expression (Fig. 3A). Reconstitution of PTEN restored
coupling of the EGFR signal to downstream Akt signaling as
evidenced by dephosphorylation of both EGFR and Akt upon
erlotinib treatment (Fig. 3A). Cellular proliferation of H1650PTEN
cells treated with erlotinib was virtually identical to that seen in the
parental cells (data not shown) but combinatorial treatment of
H1650 cells with erlotinib and an AKT inhibitor led to a reduction
of viability when compared with cells treated with erlotinib alone
(Supplementary Fig. S1). However, when analyzing the fraction of
cells undergoing apoptosis upon treatment with erlotinib, we
observed an increase of apoptotic H1650PTEN cells when compared
with the parental and the mock-transduced cells (Fig. 3C). Thus,
PTEN reconstitution increases the susceptibility to erlotinib-
induced apoptosis in H1650 cells.
We next silenced PTEN in EGFR-mutant and erlotinib-sensitive
PC9 cells by lentiviral short hairpin RNAs (Fig. 3B). Similar to our
observation in the parental H1650 cells, PTEN loss in PC9 cells
(PC9PTENkd) induced the uncoupling of EGFR and downstream
Akt signaling as shown by continuous Akt phosphorylation under
erlotinib treatment (Fig. 3B). Again, recapitulating our observations
in H1650 cells, silencing of PTEN expression in PC9 cells led to a
significant decrease in the fraction of apoptotic cells when treated
with erlotinib (Fig. 3C). Induction of apoptosis in both PTEN-
proficient and PTEN-deficient cells was paralleled by activation of
the proapoptotic protein Bim, recently shown to play a key role in
erlotinib-induced apoptosis in EGFR-mutant NSCLC (refs. 19, 20;
Fig. 3D). Thus, the differential induction of apoptosis is not
mediated through modulation of Bim levels. Interestingly, in
PC9PTENkd cell lines, we observed the activation of Erk under
steady-state and serum-starved conditions, whereas PTEN-profi-
cient cells hardly showed Erk activity (Fig. 3D). Thus, PTEN loss
partially uncouples EGFR signaling from downstream Akt survival
signaling, activates ERK, and contributes to EGFR inhibitor
resistance.
While analyzing the activity of Akt in PTEN-deficient H1650
and PC9PTENkd EGFR-mutant cells, we observed an increase in
phospho-EGFR when compared with PTEN-proficient cells. In
PC9PTENkd cells, complete deactivation of EGFR was achieved at
750 nmol/L of erlotinib, whereas in parental and control PC9 cells,
250 nmol/L of erlotinib was sufficient to fully dephosphorylate
the receptor (Fig. 4A). Thus, the resistance phenotype observed
in PTEN-deficient H1650 cells may be partially explained by the
prolonged activation of EGFR under treatment with EGFR tyrosine
Figure 4. PTEN loss activates EGFR. A, phospho-EGFR was
detected by immunoblotting after short exposure (SE ) and
long exposure (LE ) in PC9, PC9CONTkd, and PC9PTENkd cells.
Actin levels served as a loading control. B, left, levels of
phospho-EGFR of PC9PTENkd and PC9 cells treated with
erlotinib were determined (+/ EGF) under serum starvation.
Right, apoptosis (%) after erlotinib treatment (0.5 Amol/L) in the
given cells. C, left, phospho-EGFR and phospho-AKT in H3255
and H3255MyrAKT cells were assessed by immunoblotting.
Right, the fraction of apoptotic cells (in %) in the given cells.
D, a simplified model explaining our observations: in
EGFR-mutant cells, EGFR is the sole input for production of
PIP3. Inhibiting EGFR dramatically reduces the input into PIP3
production. Therefore, the lack of negative regulation of PIP3
production by loss of PTEN is limited.
Cancer Research
Cancer Res 2009; 69: (8). April 15, 2009 3260 www.aacrjournals.org
kinase inhibitors. To test whether PTEN loss–induced EGFR
activation may be mimicked by stimulation of EGFR in PTEN-
proficient PC9 cells, we treated parental PC9 cells with a
combination of erlotinib and EGF (Fig. 4B). We observed an
induction of phospho-EGFR by dual EGF stimulation and EGFR
inhibition resembling the situation in PTEN -deficient cells
(Fig. 4B). Confirming the functional relevance of PTEN loss–
induced EGFR activation, this treatment also led to a reduction of
the fraction of apoptotic cells (Fig. 4B).
Finally, we asked whether survival signaling activated by loss of
PTEN is equivalent to immediate activation of Akt. We introduced
a constitutively active allele of Akt (MyrAkT) into EGFR-mutant
and erlotinib-sensitive H3255 cells. As expected, levels of phospho-
Akt but not of phospho-EGFR levels remained elevated in
H3255MyrAKT cells under erlotinib treatment (Fig. 4C). Further-
more, this pronounced Akt activity was associated with erlotinib
resistance (P < 0.0005) of H3255MyrAKT cells when measuring ap-
optosis (Fig. 4C). Thus, immediate and constitutive activation of
Akt is more effective than PTEN loss to induce erlotinib resistance
in EGFR-mutant NSCLC cells.
Others have recently shown that PTEN loss leads to robust EGFR
inhibitor resistance in cells lacking EGFR mutations (10, 11). Our
findings in EGFR-mutant NSCLC cells differ from these observa-
tions, as the phenotype elicited by PTEN loss was less dominant.
This discrepancy may be explained by the fact that EGFR-mutant
NSCLC cells are exclusively dependent on EGFR signaling for their
survival. Thus, erlotinib-mediated inhibition of EGFR as the sole
input of PIP3 production may only partially be rescued by PTEN
loss (Fig. 4D).
In summary, we have shown that in-depth genomic and
phenotypic analyses of large cell line collections can be applied
to identify a novel cell biology phenotype. Here, computational
genomic analyses implied homozygous deletion of PTEN as a
candidate for EGFR inhibitor resistance. Functional studies
revealed that PTEN loss induces a significant reduction in
apoptosis sensitivity in EGFR-mutant cells by activation of Akt
and EGFR. We speculate that activation of Erk in PTEN-deficient
cells (Fig. 3D) may lead to transcriptional up-regulation of EGFR
ligands, such as amphiregulin (21). Moreover, PTEN loss and EGFR
mutation co-occurred in 1 out of 24 EGFR-mutant patients in a
genomic analysis of 140 lung adenocarcinomas, thus confirming
the clinical relevance of our findings. Thus, PTEN loss may
represent an additional mechanism of initial or acquired resistance
to erlotinib-induced apoptosis in EGFR-mutant NSCLC.
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Abstract of the publication 
Somatic genetic alterations  in cancers have been  linked with  response  to  targeted  therapeutics by 
creation  of  specific  dependency  on  activated  oncogenic  signaling  pathways.  However,  no  tools 
currently exist  to systematically connect such genetic  lesions  to  therapeutic vulnerability. We have 
therefore developed a genomics approach to identify lesions associated with therapeutically relevant 
oncogene dependency. Using integrated genomic profiling, we have demonstrated that the genomes 
of a  large panel of human non–small cell  lung cancer (NSCLC) cell  lines are highly representative of 
those  of  primary  NSCLC  tumors.  Using  cell‐based  compound  screening  coupled  with  diverse 
computational approaches to integrate orthogonal genomic and biochemical data sets, we identified 
molecular and genomic predictors of  therapeutic  response  to clinically  relevant compounds. Using 
this  approach,  we  showed  that  v‐Ki‐ras2  Kirsten  rat  sarcoma  viral  oncogene  homolog  (KRAS) 
mutations confer enhanced Hsp90 dependency and validated this  finding  in mice with KRAS driven 
lung  adenocarcinoma,  as  these  mice  exhibited  dramatic  tumor  regression  when  treated  with  an 
Hsp90  inhibitor.  In addition, we  found  that cells with copy number enhancement of v‐abl Abelson 
murine  leukemia  viral oncogene homolog  2  (ABL2)  and  ephrin  receptor  kinase  and  v‐src  sarcoma 
(Schmidt‐Ruppin  A‐2)  viral  oncogene  homolog  (avian)  (SRC)  kinase  family  genes  were  exquisitely 
sensitive  to  treatment with  the SRC/ABL  inhibitor dasatinib, both  in vitro and when  it xenografted 
into  mice.  Thus,  genomically  annotated  cell‐line  collections  may  help  translate  cancer  genomics 
information into clinical practice by defining critical pathway dependencies amenable to therapeutic 
inhibition. 
 
Own contributions 
For  this  study,  I  collected data  for main  figure 3 where  I  screened half of  the  cell  lines displayed 
against  the  small  molecule  inhibitor  dasatinib.  Together  with  Roman  Thomas,  I  developed  the 
algorithm  that  led  to  the  identification  of  the  human  avian  sarcoma  (Schmidt‐ruppin  A‐2)  viral 
oncogene (cSRC) gene as the putative target of dasatinib in the H322M cell line. I was also leading the 
team’s efforts to validate  this  finding that was critical  for the resulting manuscript. To confirm this 
finding, I packaged pLKO vectors containing either no insert or a shRNA construct targeting the mRNA 
encoding the tyrosine kinase SRC  into  lentiviral particles.  I next transduced H322M cells with these 
particles  and  confirmed  that  knockdown  of  SRC  in  this  cell  line  leads  to  a  profound  reduction  in 
proliferation. I also confirmed loss of SRC protein by westernblot analysis. Furthermore, I performed 
site‐directed mutagenesis (SDM) to alter the aminoacid sequence of the SRC protein from a tyrosine 
at position 341 to a methionine. The methionine at this position clashes with dasatinib and hinders 
the entrance  into the ATP‐binding pocket, hence rendering this SRC version resistant to dasatinib.  I 
packaged  the  cDNA  encoding  either  wildtype  or  T341M  mutated  SRC  into  retroviral  particles, 
transduced  H322M  cells  and  selected  with  Puromycin  to  obtain  stable  insert  expressing  cells.    I 
further  treated  these cells with dasatinib and could show  that expressing T341M but not wildtype 
SRC protein rescues the dasatinib  induced phenotype. Together, these results proved that SRC was 
the relevant target of dasatinib in the cells carrying the SRC gene amplification. Moreover, I packaged 
lentiviral  particles  containing  a  shRNA  construct  targeting  the  mRNA  of  KRAS,  and  subsequently 
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performed KRAS knockdown  in A549 cells, which I also confirmed by western blots (Supplementary 
figure 7 B). For supplementary figure 9, I performed treatment of H322M cell with  increasing doses 
of dasatinib and subsequently determined the level of phosphorylated SRC protein. My data directly 
lead to figures 6 B and C in the main part and figures 7 B and 9 B. I prepared figures 3, 6 (B and C) and 
also supplementary figures 7B and 9B as seen  in the manuscript.  I also was  involved  in writing and 
editing of the manuscript prior to submitting to the Journal of Clinical Investigation.  
 
Unpublished data 
I  further  treated  H322M  cells  expressing  either  wildtype  or  mutated  SRC  with  different 
concentrations  of  dasatinib.  Westernblot  analysis  confirmed  the  absence  of  phosphorylated  SRC 
protein in H322M cells expressing wildtype, but not in H322M cells expressing T314M mutated SRC. 
Additionally, I sequenced EPHA3, one of the top dasatinib targets, in the five most dasatinib sensitive 
cell  lines.  However,  we  did  not  observe  any  mutation  as  a  cause  of  sensitivity,  suggesting  that 
amplification rather than mutation of EPHA3 was associated with sensitivity to dasatinib. 
 
Concluding remarks 
This  study  aimed  at  the  establishment  of  a  cell  line‐based  screening  platform  that  allows  a 
systematical search for potential novel drug targets in non‐small cell lung cancer. First we confirmed 
that  a  large  panel  of  lung  tumor  derived  cell  lines  adequately  reflects  the  genomic  landscape  of 
primary  lung  tumors.  In  a  proof‐of‐concept  experiment  by  using  the  above mentioned  screening 
platform, we identified genomic EGFR aberrations in conjunction with absent KRAS mutations as the 
most significant predictor  for EGFR  inhibitor sensitivity, as also been shown by other groups  in the 
field.    In addition we  identified two possible therapeutic targets  in non‐small cell  lung cancer. First, 
we identified KRAS mutant cell lines to be more susceptible towards HSP90 inhibitors and second, we 
identified  solitary  SRC amplifications  in a  cell  line as being a predictive marker and  the  functional 
relevant target of dasatinib. Taken together, screening of  large numbers of  lung tumor derived cell 
lines can be utilized to identify novel oncogenes in this deadly disease. 
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Somatic	genetic	alterations	in	cancers	have	been	linked	with	response	to	targeted	therapeutics	by	creation	
of	specific	dependency	on	activated	oncogenic	signaling	pathways.	However,	no	tools	currently	exist	to	sys-
tematically	connect	such	genetic	lesions	to	therapeutic	vulnerability.	We	have	therefore	developed	a	genom-
ics	approach	to	identify	lesions	associated	with	therapeutically	relevant	oncogene	dependency.	Using	inte-
grated	genomic	profiling,	we	have	demonstrated	that	the	genomes	of	a	large	panel	of	human	non–small	cell	
lung	cancer	(NSCLC)	cell	lines	are	highly	representative	of	those	of	primary	NSCLC	tumors.	Using	cell-based	
compound	screening	coupled	with	diverse	computational	approaches	to	integrate	orthogonal	genomic	and	
biochemical	data	sets,	we	identified	molecular	and	genomic	predictors	of	therapeutic	response	to	clinically	
relevant	compounds.	Using	this	approach,	we	showed	that	v-Ki-ras2	Kirsten	rat	sarcoma	viral	oncogene	homo-
log	(KRAS)	mutations	confer	enhanced	Hsp90	dependency	and	validated	this	finding	in	mice	with	KRAS-
driven	lung	adenocarcinoma,	as	these	mice	exhibited	dramatic	tumor	regression	when	treated	with	an	Hsp90	
inhibitor.	In	addition,	we	found	that	cells	with	copy	number	enhancement	of	v-abl	Abelson	murine	leukemia	
viral	oncogene	homolog	2	(ABL2)	and	ephrin	receptor	kinase	and	v-src	sarcoma	(Schmidt-Ruppin	A-2)	viral	
oncogene	homolog	(avian)	(SRC)	kinase	family	genes	were	exquisitely	sensitive	to	treatment	with	the	SRC/ABL	
inhibitor	dasatinib,	both	in	vitro	and	when	it	xenografted	into	mice.	Thus,	genomically	annotated	cell-line	
collections	may	help	translate	cancer	genomics	information	into	clinical	practice	by	defining	critical	pathway	
dependencies	amenable	to	therapeutic	inhibition.
Introduction
The dynamics of ongoing efforts to fully annotate the genomes 
of all major cancer types are reminiscent of those of the Human 
Genome Project. The  analysis  of  somatic  gene  copy number 
alterations and gene mutations associated with cancer  (both 
here referred to as lesions) will thus provide the genetic landscape 
of human cancer in the near future. The medical implications 
of these endeavors are exemplified by the success of molecularly 
targeted cancer therapeutics in genetically defined tumors: the 
ERBB2/Her2-targeted (where ERBB2 is defined as v-erb b2 eryth-
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roblastic leukemia viral oncogene homolog 2, neuro/glioblastoma-derived 
oncogene homolog [avian]) antibody trastuzumab shrinks tumors 
in women with ERBB2-amplified breast cancer (1); the ABL/KIT/
PDGFR (where ABL is defined as v-abl Abelson murine leukemia 
viral oncogene homolog and KIT is defined as v-kit Hardy-Zuckerman 
4 feline sarcoma viral oncogene homolog) inhibitor imatinib induces 
responses in patients with chronic myeloid leukemia carrying the 
BCR/ABL (where BCR is defined as breakpoint cluster region) trans-
location (2, 3) as well as in patients with gastrointestinal stromal 
tumors and melanomas bearing mutations in KIT (4) or PDGFRA 
(5); and finally, EGFR-mutant lung tumors are highly sensitive to 
the EGFR inhibitors gefitinib and erlotinib (6–8). In most cases, 
such discoveries were made after the completion of clinical trials; 
as yet no robust mechanism currently exists that permits system-
atic identification of lesions causing therapeutically relevant onco-
gene dependency prior to initiation of such clinical trials.
The use of  cancer  cell  lines  allows  systematic perturbation 
experiments in vitro, yet the validity and clinical interpretability of 
these widely used models have been questioned. In some notable 
instances, pathways may lose function when grown in culture (9). 
In addition, cell lines are frequently thought to be genomically dis-
arrayed and unstable and therefore likely poorly representative of 
primary tumors. Furthermore, the genetic diversity of histopatho-
logically defined classes of tumors is often substantial, e.g., the 
clinical tumor entity non–small cell lung cancer (NSCLC) com-
prises EGFR- and KRAS-mutant (where KRAS is defined as v-Ki-ras2 
Kirsten rat sarcoma viral oncogene homolog) lung adenocarcinomas as 
well as KRAS-mutant squamous-cell lung cancers. Thus, any rep-
resentative preclinical model would need to capture the nature of 
lesions of primary tumors as well as their distribution in the his-
topathologically defined cohort.
Recent reports have credentialed the use of cancer cell lines in 
preclinical drug target validation experiments (10–13). Building on 
the foundation of these studies, we have now established a cell-line 
collection that enables systematic prediction of drug activity using 
global profiles of genetic lesions in NSCLC. Given the genomic 
diversity of a particular cancer type, we reasoned that in-depth pre-
clinical analyses of activity of cancer therapeutics in tumor cells 
would require both thorough genomic analysis of a large cell-line 
collection of a single tumor entity and high-throughput cell-line 
profiling, followed by genomic prediction of compound activity.
We set out to systematically annotate the genomes of a large 
panel of NSCLC cell lines in order to determine whether such a 
collection reflects the genetic diversity of primary NSCLC tumors. 
We further determined the phenotypic validity of this collection 
and analyzed drug activity as a function of genomic lesions in a 
systematic fashion. Finally, we confirmed the validity of our pre-
dictors in vitro and in lung cancer mouse models. Such comple-
mentary efforts may provide a framework for future preclinical 
analyses of compound activity, taking into account the multitude 
of genetic lesions in histopathologically defined cancer types.
Results
A genomically validated collection of NSCLC cell lines. Eighty-four 
NSCLC cell lines were collected from various sources (Supple-
mental Table 1; supplemental material available online with this 
article; doi:10.1172/JCI37127DS1) and formed the basis for all 
subsequent experiments. Cell lines were derived from tumors rep-
resenting all major subtypes of NSCLC tumors, including adeno-
carcinoma, squamous-cell carcinoma, and large-cell carcinoma.
The genomic landscape of these cell lines was characterized by 
analyzing gene copy number alterations using high-resolution 
SNP arrays (250K Sty1). We used the statistical algorithm Genomic 
Identification of Significant Targets in Cancer (GISTIC) to distin-
guish biologically relevant lesions from background noise (14). The 
application of GISTIC revealed 16 regions of recurrent, high-level 
copy number gain (inferred copy number > 2.14) and 20 regions of 
recurrent copy number loss (inferred copy number < 1.86) (Supple-
mental Tables 2 and 3). Overall, we identified focal peaks with a 
median width of 1.45 Mb (median 13.5 genes/region) for amplifi-
cations and 0.45 Mb for deletions (median 1 gene/region). These 
regions contained lesions known to occur in NSCLC (e.g., deletion 
of LRP1B [2q], FHIT [3p], CDKN2A [9p]; amplification of MYC [8q], 
EGFR [7p] and ERBB2 [17q]; Figure 1A and Supplemental Table 2). 
Furthermore, within broad regions of copy number gain, we also 
identified amplification of TITF1 (14q) and TERT (5p) (Figure 1A 
and Supplemental Table 2),  recently  identified by  large-scale 
genomic profiling of primary lung adenocarcinomas (15–17).
Analysis of homozygous deletions as well as loss of heterozygos-
ity (LOH) is typically hampered by admixture of nontumoral cells 
in primary tumors. The purity of cell-line DNA permitted identifi-
cation of previously unknown homozygous deletions and regions 
of LOH, including LOH events resulting from uniparental disomy 
(e.g., copy-neutral events) (Supplemental Table 4). In this analysis, 
known genes such as MTAP (9p) and LATS2 (13q) were altered by 
homozygous deletions (18, 19) and we found what we believe are 
novel homozygous deletion of genes such as TUBA2 (Supplemental 
Table 4). Of note, most of these regions could also be identified in 
primary NSCLC tumors as deleted (15); however, inferred copy num-
bers only inconstantly showed LOH or homozygous deletions, indi-
cating admixture of normal diploid DNA (Supplemental Table 4). 
Thus, while a recent large-scale cancer profiling study (15) enabled 
insight into the genomic landscape of lung adenocarcinoma, the use 
of pure populations of tumor cells further afforded discovery of pre-
viously unrecognized regions of homozygous deletions and LOH.
We next compared the profile of significant amplifications and 
deletions in this cell-line collection with that of a set of 371 pri-
mary lung adenocarcinomas (15). This comparison revealed a strik-
ing similarity between the 2 data sets (Figure 1A) but not between 
NSCLC cell lines and gliomas or melanomas (Supplemental Fig-
ure 1, A and B). A quantitative analysis of similarity by comput-
ing correlations of the false discovery rate (q value) confirmed the 
similarity of primary lung cancer and lung cancer cell lines (r = 0.77) 
and the lack of similarity of lung cancer cell lines and primary glio-
mas (14) (r = 0.44), melanoma cell lines (11) (r = 0.44), or ovarian 
tumors (r = 0.38; Supplemental Figure 1C). As a control, repeated 
random splitting of the lung cancer cell-line data and computation 
of internal similarity resulted in correlation coefficients between 
0.82 and 0.86, whereas we found no correlation with normal tissue 
(r = 0.0195; Supplemental Figure 1C). These results demonstrate 
that the genomic copy number landscape of NSCLC cell  lines 
reflects that of primary NSCLC tumors, while tumors or cell lines 
of other lineages show a much lower degree of similarity (20, 21). 
Furthermore, the distribution of oncogene mutations in the cell 
lines (Supplemental Table 5) was similar to that in primary NSCLC 
tumors, with a high prevalence of mutations in the KRAS and EGFR 
genes (22–25) and rare occurrence of phosphoinositide-3-kinase, 
catalytic, α polypeptide (PIK3CA) and v-raf murine sarcoma viral 
oncogene homolog B1 (BRAF) mutations (Figure 1B). These results 
further validate our cell-line collection on a genetic level.
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The availability of both copy number alteration and oncogene 
mutation data of the NSCLC cell lines enabled us to analyze the 
interactions of both types of lesions (Supplemental Figure 2). Hier-
archical clustering of lesions robustly grouped both mutations and 
amplification of EGFR in 1 subcluster (ratio Q of observed vs. expect-
ed cooccurrence: Q = 4.38, P = 0.001), while KRAS mutations consis-
tently grouped in a distinct cluster. These findings corroborate prior 
observations in vivo in which mutations in KRAS and EGFR were 
mutually exclusive while EGFR mutation and EGFR amplification 
frequently cooccurred (23, 26, 27). Moreover, these results suggest 
that these mutations influence the particular signature of genomic 
alterations in the affected tumors. Finally, in unsupervised hierar-
chical cluster analyses of gene expression data, primary lung cancer 
specimens (28) and lung cancer cell lines shared 1 cluster (Figure 
1C), while renal cell carcinomas (29) and lymphomas (30) as well as 
the corresponding cell lines clustered in a separate group.
In  summary,  in-depth  comparative  analysis  of  orthogonal 
genomic data sets of a large panel of NSCLC cell lines and primary 
Figure 1
Genomic validation of 84 NSCLC cell lines. (A) Chromosomal copy number changes of NSCLC cell lines are plotted against those of 371 primary 
NSCLC tumors. The q values (false discovery rates) for each alteration (x axis) are plotted at each genome position (y axis). Left panel shows 
chromosomal losses (cell lines, purple; primary tumors, dark blue); right panel shows chromosomal gains (cell lines, red; primary tumors, blue). 
Genomic positions corresponding to even-numbered chromosomes are shaded; dotted lines indicate centromeres; green lines, q value cutoff 
(0.25) for significance. Genes represent known targets of mutation in lung adenocarcinomas. Putative targets near peaks are given in paren-
theses. Genes identified by GISTIC using stringent filtering criteria for peak border detection are marked by asterisks. (B) Oncogene mutations 
present in NSCLC cell lines (black bars) are plotted according to their relative frequencies in comparison with primary lung tumors (gray bars) 
(22–25). (C) Transcriptional profiles of primary renal cell carcinomas (orange) and corresponding cell lines (red); primary lung tumors (dark 
green) and lung cancer cell lines (light green); primary lymphomas (blue) and lymphoma cell lines (purple) were analyzed by hierarchical cluster-
ing. To reduce noise, probe sets were filtered prior to clustering (coefficient of variation from 1.0 through –10.0, present call rate, 20%; absolute 
expression greater than 100 in more than 20% of samples).
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tumors demonstrates that these cell lines reflect the genetic and 
transcriptional landscape of primary NSCLC tumors.
EGFR mutations define phenotypic properties of lung tumors in vitro 
and in vivo. Activated oncogenes typically cause a transcriptional 
signature that can be used to identify tumors carrying such onco-
genes (31, 32). However, we consistently failed to identify a gene 
expression signature characteristic of EGFR-mutant tumors (33, 
34) using a gene expression data set of 123 primary lung adenocar-
cinomas (35) annotated for mutations in EGFR (data not shown). 
We therefore reasoned that the cellular purity of our cell lines 
(n = 54 analyzed on U133A) might enable the determination of 
such a signature and the application of this signature in primary 
tumors. We applied principal component analyses on the variable 
genes and found a remarkable grouping of all EGFR mutated cell 
lines (n = 8/54), with a significant dissociation already in the first 
principal component (Welch’s t test on the distribution of eigenval-
ues: P = 0.0005) contributing 14.5% to the overall variance (Figure 
2A). Similar results were obtained by hierarchical clustering (data 
not shown). Using genes differentially expressed in EGFR-mutant 
cell lines (including T790M) as a surrogate feature (Supplemen-
tal Table 6), all of the EGFR-mutant primary tumors (35) were 
grouped in a distinct cluster (P = 0.00001) when performing hier-
archical clustering (Figure 2B). This result was also recapitulated 
when selecting genes differentially expressed in erlotinib-sensitive 
(GI50 < 0.1 μM, n = 5/54 vs. GI50 > 2 μM, n = 45, where GI50 indicates 
half-maximal growth inhibitory concentration) cell lines (Supple-
mental Figure 3A). Furthermore, patients with tumors express-
ing the signature of EGFR mutated cell lines had better overall 
survival than those whose tumors did not (Figure 2C) (36). The 
power of our EGFRmut signature to predict survival was confirmed, 
employing the data published by Beer and colleagues (Figure 2D) 
(37). This effect was even observed when excluding EGFR-mutant 
tumors (n = 13) from the analysis (Figure 2C). Thus, expression 
signatures extracted in vitro can be used to identify biologically 
diverse tumors in vivo (38).
Others have recently characterized a transcriptional signature 
of EGFR-mutant NSCLC using a small set of cell lines (39). How-
ever when analyzing primary lung adenocarcinomas with the sig-
nature described by Choi et al., EGFR-mutant samples were ran-
domly distributed across the data set (Supplemental Figure 3B). 
This finding further highlights the importance of using large 
cell-line collections in order to represent the overall genomic 
diversity of primary tumors.
Recent studies have linked the presence of EGFR mutations in 
lung adenocarcinomas to clinical response to the EGFR inhibitors 
erlotinib and gefitinib (6–8). However, retrospective studies aimed 
at determining predictive markers for EGFR inhibition yielded 
heterogeneous  results,  implicating EGFR mutations  and/or 
Figure 2
Robustness of phenotypic properties of EGFR-mutant lung cancer cells in vivo. (A) The first 2 principal components (PC1 and PC2) distinguish 
cell lines with mutated (mut) EGFR (red dots) and WT EGFR (blue dots) (n = 54). (B) The signature (fold change greater than 2; absolute differ-
ence, 100; P < 0.01) of EGFR-mutant cell lines (n = 8/54) was used for hierarchical clustering of 123 primary adenocarcinomas (35) annotated 
for the presence (EGFR mut, red bars) or absence (EGFRWT, dark blue bars) of EGFR mutations. (C) Probability of survival was estimated for all 
123 primary adenocarcinomas with known EGFR mutation status following grouping according to relative abundance of 337 RNA transcripts 
identified as differentially expressed between EGFR-mutant and EGFR WT cell lines. EGFR-mutant tumors (n = 13) were excluded from survival 
analyses. Survival probabilities are depicted as Kaplan-Meier survival estimate curves. (D) The same analysis was performed using 86 lung 
tumors from Beer et al. (37) with available survival data. Two groups were formed according to relative abundance of the EGFR mutation–specific 
genes, and survival analysis was performed as in D. (E) The association between presence (amplification, green; mutation, red; deletion, yellow) 
of genetic lesions identified in the cell lines and sensitivity of the respective cell lines to treatment with the EGFR inhibitor erlotinib was analyzed 
by Welch’s t test and Fisher’s exact test. Significant lesions are marked by gray (P < 0.05) or black (P < 0.0001) boxes.
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EGFR amplifications among others as predictive of response or 
patient outcome (40–42). We set out to systematically identify 
genetic lesions associated with sensitivity to erlotinib by includ-
ing all global lesion data from our genomics analyses rather than 
focusing on EGFR-associated  lesions. We  established a high-
throughput cell-line screening pipeline that enables systematic 
chemical perturbations across the entire cell-line panel followed 
by automated determination of GI50 values (43) to determine 
erlotinib sensitivity for all cell lines. We next analyzed the distri-
bution of genetic lesions in erlotinib-sensitive compared with 
insensitive cell lines (Supplemental Tables 5 and 7) and further 
compared the mean sensitivity of cell  lines with and without 
the  respective  genetic  lesions.  In both  analyses, EGFR muta-
tions were the best single-lesion predictor of erlotinib sensitiv-
ity  (Figure 2E and Supplemental Table 7; Fisher’s  exact  test; 
P = 6.9 × 10-8). Furthermore, we found a less stringent association 
with amplification of EGFR (Fisher’s exact test; P = 1.4 × 10-4); 
however, only EGFR mutations were significant predictors of 
erlotinib sensitivity when we adjusted for multiple hypothesis 
testing using Bonferroni’s correction (data not shown). We next 
used signal-to-noise–based feature selection combined with the 
K-nearest-neighbor (KNN) algorithm (44, 45) to build a multile-
sion predictor of erlotinib sensitivity. The best performing multile-
sion predictor comprised EGFR mutations, amplification of EGFR, 
and lack of KRAS mutations (Figure 2E and Supplemental Table 
7), which have all been implicated in determining responsiveness of 
NSCLC patients to EGFR inhibitors (6–8, 27, 40, 41, 46). We note 
that in our data set, as in previously published reports (6–8, 27, 40, 
41, 46), EGFR amplification and mutation were correlated, whereas 
KRAS mutations were mutually exclusive with either lesion (Sup-
plemental Figure 2). Thus, our observation confirms the overall 
predominant role of EGFR mutations in predicting responsiveness 
to EGFR inhibition, and it provides an explanation for the finding 
of EGFR amplification as being predictive of response as well. Our 
findings also corroborate prior clinical reports establishing KRAS 
mutations as a resistance marker for EGFR inhibition therapy. 
Together, these results imply that essential transcriptional and 
biological phenotypes of the original tumors are preserved in the 
cell lines, a necessary requirement for application of such collec-
tions as proxies in preclinical drug target validation efforts.
Differential activity of compounds in clinical development in NSCLC cell 
lines. Having validated the cell-line collection by demonstrating its 
Figure 3
Sensitivity profiles of compounds 
determined by high-throughput cell-
line screening. GI50 values (y axes) 
for 12 compounds are shown for the 
successfully screened (Supplemen-
tal Table 5) cell lines (x axes show 
individual cell lines). Due to the fact 
that rapamycin typically fails to com-
pletely abrogate cellular proliferation 
(79), the 25% inhibitory concentra-
tion is shown for these compounds. 
Bars represent GI50 (GI25 values 
in the case of rapamycin, y axis) 
throughout the cell-line collection (x 
axis) ranked according to sensitiv-
ity. The maximum concentration is 
adapted to the GI50 value (GI25 val-
ues in the case of rapamycin; 10 μM 
for 17-AAG, erlotinib, vandetanib, 
lapatinib, sunitinib, rapamycin, and 
PD168393; 30 μM for SU-11274, 
dasatinib, and purvalanol; 60 μM for 
VX-680; 90 μM for UO126) of resis-
tant cell lines. The 5 most sensitive 
cell lines for each compound are 
highlighted in table form.
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genomic and phenotypic similarity to primary NSCLC tumors, 
we reasoned that adding complex phenotypic data might elicit 
additional insights into the impact cancer genotypes have on cell 
biology phenotypes. In our initial pilot screening experiment, we 
profiled all cell lines against erlotinib and subsequently extended 
our assay to 11 additional inhibitors that were either under clini-
cal evaluation or showed high activity in preclinical models; these 
compounds target a wide spectrum of relevant proteins in cancer 
(Supplemental Figure 4). We treated all cell lines with these com-
pounds and determined GI50 values (GI25 respectively; Supplemen-
tal Table 5). The resulting sensitivity patterns (Figure 3) revealed 
that while some of the compounds exhibited a pronounced cyto-
toxic activity in a small subset of cell lines (e.g., erlotinib, vande-
tanib, VX-680), others were active in most of the cell lines, with only 
a minority being resistant [e.g., 17-(allylamino)-17-demethoxygel-
danamycin (17-AAG)]. Only 2 cell lines (<2%) were resistant to all 
of the compounds (Supplemental Table 5), suggesting that most 
NSCLC tumors might be amenable to targeted treatment. Overall, 
these observations are highly reminiscent of patient responses in 
clinical trials in which limited subsets of patients experience par-
tial and, rarely, complete response while the majority of patients 
exhibit stable disease, no change, or progression.
Identification of relevant compound targets by similarity profiling. As 
an initial approach to identification of shared targets of inhibi-
tors, we performed hierarchical clustering based on the similarity 
of sensitivity profiles (Figure 4A) and based on the correlation 
between sensitivity and genomic lesion profiles (Figure 4B). Erlo-
tinib and vandetanib exhibited the highest degree of similarity, 
pointing to mutant EGFR as the critical target of vandetanib in 
NSCLC tumor cells (Figure 4, A and B) (47, 48). The high degree 
of correlation (r = 0.91; P < 0.001) of cell-line GI50 values for both 
compounds as well as structural modeling of vandetanib binding 
in the EGFR kinase domain, which revealed a binding mode iden-
tical to that of erlotinib, further corroborate this notion (Supple-
mental Figure 5A). This model predicted that binding of both 
compounds would be prevented by the T790M resistance muta-
tions of EGFR (48–50); accordingly, murine Ba/F3 cells ectopically 
expressing erlotinib-sensitizing mutations of EGFR together with 
T790M (51) were completely resistant to erlotinib and vandetanib 
(Supplemental Figure 5, B and C).
In addition to the ERBB2/EGFR inhibitor lapatinib, vandetanib, 
and the irreversible EGFR inhibitor PD168393 (52), the SRC/ABL 
(where SRC is defined as v-src sarcoma [Schmidt-Ruppin A-2] viral 
oncogene homolog [avian]) inhibitor dasatinib (53) shared a clus-
ter with the EGFR inhibitor erlotinib, although at a much lower 
potency than erlotinib (Figure 4, A and B). Molecular modeling of 
dasatinib binding to EGFR predicted a binding mode similar to 
that of erlotinib (Figure 4C), with a steric clash of erlotinib and 
dasatinib with the erlotinib resistance mutation T790M (49, 50, 54, 
55) (Figure 4C). We therefore formally validated EGFR as a relevant 
dasatinib target in tumor cells by showing cytotoxicity as well as 
EGFR dephosphorylation (56) elicited by this compound in Ba/F3 
cells ectopically expressing mutant EGFR but not in those coex-
pressing the T790M resistance allele (Figure 4D). Thus, large-scale 
phenotypic profiling coupled to computational prediction formal-
ly validated a relevant tumor-cell target of an FDA-approved drug 
using a systematic unbiased approach. It is noteworthy that a trial 
of dasatinib in patients with acquired erlotinib resistance is cur-
rently ongoing (trial ID: NCT00570401; http://clinicaltrials.gov/
ct2/show/NCT00570401?term=NCT00570401&rank=1; based on 
previously reported biochemical findings (54) and our results, we 
predict limited clinical activity in those patients in whom erlotinib 
resistance is due to the EGFR resistance mutation T790M.
Supervised learning identifies predictors for inhibitor responsiveness. We 
have shown that hierarchical clustering can identify compounds 
with overlapping target specificities within a screening experiment. 
We now set out to extend our analyses to additional computational 
approaches to predict inhibitor responsiveness from global lesion 
data in a systematic fashion. To this end, we applied supervised 
learning methods as we did for erlotinib (see above). Applying this 
method, we identified robust, genetic lesion-based predictors for 
the majority of the tested compounds (Supplemental Table 7).
UO126 is a MEK inhibitor that also showed enhanced activity 
in a subset of the lung cancer cell-line collection. Here, the super-
vised approach identified chromosomal gains of 1q21.3 affect-
ing the genes ARNT and RAB13 as being robustly associated with 
UO126 sensitivity (Fisher’s exact test, copy number threshold 
2.14, P = 0.02; Supplemental Figure 6 and Supplemental Table 
7). In order to validate this finding in an independent data set, 
we made use of the NCI-60 cancer cell-line panel (57) in which 
hypothemycin was used as a MEK inhibitor (12). This cross-plat-
form validation revealed that 1q21.3 gain predicted sensitivity 
to MEK inhibition in both data sets (Fisher’s exact test, P = 0.03, 
NCI-60 collection; Supplemental Figure 6).
In our initial cluster analysis, we found that KRAS mutations 
correlated with sensitivity to the Hsp90 inhibitor 17-AAG, a gel-
danamycin derivative (Figure 4B). Recapitulating this observation, 
we found KRAS mutations to be predictive of 17-AAG sensitivity, 
even when applying our KNN-based prediction approach (Fish-
er’s exact test, P = 0.029; Figure 5A and Supplemental Table 7). 
Confirming this observation in an independent cell-line model, 
we found the distribution of geldanamycin sensitivity and KRAS 
mutation in the NCI-60 cell-line collection to be strikingly similar 
to that observed in our panel (P = 0.049; Figure 5A).
In 17-AAG-sensitive cells, Hsp90 inhibition led to robust induc-
tion of apoptosis (Supplemental Figure 7A). In order to gain mech-
Figure 4
Hierarchical clustering of compound activity uncovers mutated EGFR 
as a target for dasatinib activity. (A) Displayed is a hierarchical cluster 
of cell lines and compounds, clustered according to GI50 values (red, 
high compound activity; white, low compound activity) after logarithmic 
transformation and normalization. 77 cells reached full compound cov-
erage. The presence (black) or absence (gray) of selected lesions is 
annotated in the right panel. (B) Correlation of activity of compounds to 
presence of amplifications (red) and deletions (blue) as well as onco-
gene mutations (mut) was used for hierarchical clustering. Putative 
target genes inside and bordering (*) the region defined by GISTIC are 
annotated. (C) Upper panel shows that binding mode of erlotinib (white) 
to WT EGFR. Dasatinib (pink) is modeled into the ATP-binding site of 
EGFR. The 2-amino-thiazole forms 2 hydrogen bonds with the hinge 
region of the kinase. Lower panel shows that the chloro-methyl-phenyl 
ring of dasatinib binds to a hydrophobic pocket near the gatekeeper 
Thr790 and helix C and will clash with the Met side chain of the EGFR 
drug-resistance mutation T790M. (D) Upper panel shows that Ba/F3 
cells ectopically expressing mutant EGFR with (delEx19 + T790M) or 
without (delEx19) the T790M mutation were treated for 12 hours with 
the either dasatinib or erlotinib, and phospho-EGFR and EGFR levels 
were detected by immunoblotting. Lower panel shows that the same 
cells were treated for 96 hours with either dasatinib or erlotinib and 
viability was assessed. Growth inhibition relative to untreated cells (y 
axis) is shown as a function of compound concentrations.
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anistic insight into KRAS dependency on Hsp90 chaperonage, we 
first confirmed the specificity of our KRAS antibody (Supplemen-
tal Figure 7C). Using conditions under which EGFR coprecipitated 
with Hsp90 in EGFR-mutant cells (Supplemental Figure 7B) (58), 
we found KRAS to be bound to Hsp90 as well (Figure 5B). How-
ever, while 17-AAG treatment depleted mutant EGFR from Hsp90 
(Supplemental Figure 7B), KRAS binding to Hsp90 was not affected 
by this treatment (Figure 5B). Furthermore, cellular KRAS protein 
levels were also not reduced by 17-AAG (Figure 5B). These findings 
are surprising, as other oncogenes, such as EGFR or BRAF, known 
to be dependent on Hsp90 chaperonage are depleted from the com-
plex after treatment with 17-AAG (58, 59). However, reduction of 
viability of KRAS-mutant cells treated with 17-AAG is accompanied 
by depletion of c-RAF and AKT (60) (Figure 5B). Since both c-RAF 
and AKT are known Hsp90 clients (59, 61), we hypothesize that this 
observation might rely on the activation of the AKT and RAF/MEK/
ERK signaling pathways by mutant KRAS (62, 63).
To further validate the power of KRAS mutations to predict 
response to Hsp90 inhibition, we employed a lox-stop-loxKRASG12D 
mouse model that enables the study of KRAS-driven lung adenocar-
cinomas in vivo (64). Mice with established lung tumors induced by 
nasal inhalation of adenoviral Cre (64) were either treated with the 
water-soluble geldanamycin Hsp90 inhibitor 17-(dimethylamino-
ethylamino)-17-demethoxygeldanamycin (17-DMAG) or placebo. 
Whereas no tumor shrinkage was observed in the placebo-treated 
mice after 1-week treatment (Figure 5C and Supplemental Figure 
8), substantial regression of established tumors was observed in 3 
out of 4 mice receiving 17-DMAG, with a tumor volume reduction 
Figure 5
KRAS mutations predict response to inhibition of Hsp90 in vitro and in vivo. (A) The sensitive and resistant cell lines were sorted according to 
their GI50 values and annotated for the presence of KRAS mutations (asterisks and black columns). Bar height represents the respective GI50 
values. The association of KRAS mutations and 17-AAG sensitivity (GI50 < 0.07 μM = sensitive; GI50 > 0.83 μM = resistant; according to the 
lower and upper 25th percentiles) was calculated by Fisher’s exact test for the lung cancer data set (upper panel) and for the NCI60 data set 
(lower panel). (B) Upper panel shows that whole-cell lysates of the indicated KRAS WT and KRAS mutated cell lines treated with different con-
centrations of 17-AAG were analyzed for levels of c-RAF, KRAS, cyclin D1, and AKT by immunoblotting. Lower panel shows that extracts of the 
indicated cells treated with either control (C) or 0.5 μM (H322 and Calu-6) or 1 μM (H2122) of 17-AAG were subjected to coimmunoprecipitation 
with antibodies to either KRAS (top) or Hsp90 (bottom); immunoconjugates were analyzed for levels of Hsp90 (top) or KRAS (bottom) by immu-
noblotting. Noncontiguous bands run on the same gel are separated by a black line (H2122). WB, Western blot. (C) Displayed are coronal MRI 
scans of lox-stop-loxKRASG12D mice before and after 7 days of treatment with either 17-DMAG or vehicle. The areas of lung tumors were manually 
segmented and measured on each magnetic resonance slice, and total tumor volume reduction was calculated for all mice treated with 17-DMAG 
(n = 4) and placebo (n = 3). SD of tumor volume in the cohort of treated and untreated mice was calculated and is depicted as error bars.
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of up to 80% (Figure 5C and Supplemental Figure 8). Although 
responses were transient as those seen in 17-DMAG–treated trans-
genic mice with EGFR-driven lung carcinomas (data not shown), 
these findings validate our observation that KRAS mutation pre-
dicts response to Hsp90 inhibition in vivo.
Compound target gene enrichment predicts sensitivity. We have used 
similarity profiling and supervised learning approaches that led 
to the identification of predictive markers based on significant 
lesions found in our data set as defined by GISTIC. However, the 
advantage of statistically defining relevant lesions in a given data 
set limits the utility of lesions occurring at low frequency and/ or 
amplitude to be used as predictors  for compound sensitivity. 
We therefore developed an additional approach, denoted Target-
Enriched Sensitivity Prediction (TESP), which enables inclusion of sta-
tistically underrepresented yet biologically relevant lesions.
Amplification of drug-target genes has been demonstrated to 
predict vulnerability to target-specific compounds in ERBB2-
amplified breast cancer and EGFR-amplified  lung cancer  (1, 
46). We therefore speculated that chromosomal copy number 
alterations of biochemically defined drug targets could be used 
for prediction of sensitivity to other tyrosine kinase inhibitors 
as well. To this end, we used tyrosine kinase inhibitor targets 
defined by the quantitative dissociation constant as determined 
in quantitative kinase assays (65). As a proof of principle, we 
determined whether copy number gain in EGFR is associated 
with sensitivity to erlotinib (40). In our systematic approach, 
cell lines inhibited by erlotinib at clinically achievable dosages 
(up to 1 μM) were highly enriched for amplification of EGFR 
(P = 0.00023; Supplemental Figure 9A). We next tested our pre-
diction model for lapatinib, a specific inhibitor of ERBB2 and 
EGFR,  clinically  approved  for ERBB2-positive breast  cancer 
(66). Again, we observed cell lines inhibited by lapatinib (n = 82) 
below clinically achievable dosage of 1 μM to be significantly 
enriched  in the subgroup of cell  lines with amplification of 
Figure 6
Identification of functionally relevant targets for dasatinib activity. (A) Left panel shows that cell lines with copy number gain involving at least 
1 gene encoding dasatinib target are labeled with asterisks and black columns. The probability of these cells being dasatinib sensitive was 
calculated by Fisher’s exact test. In right panel, dasatinib GI50 values are shown as box plots (representing the 25th to 75th percentile; whisker 
representing the 95th percentile; dots representing outliers) for cell lines with (TESP+ 1 gene) and without (TESP– 1 gene) copy number gain of 
dasatinib target genes (Wilcoxon test). (B) H322M cells harboring amplified SRC were either left untreated or transduced with an empty vector 
control (H322Mcont) or with shRNA targeting SRC (H322MSRCkd). After puromycin selection, levels of SRC in H322M cells transduced with the 
indicated vectors were analyzed by immunoblotting (top). The H322MSRCkd lanes were run on the same gel but were noncontiguous, as indicated 
by the white line. Viability was quantified by cell counting. Error bars represent SD between different experiments. (C) H322M cells were trans-
duced with vectors encoding either active SRC or active SRC with a gatekeeper mutation SRC (T341M). Stable cells were treated with dasatinib 
for 96 hours. Viability is shown as percentage of untreated controls. Error bars indicate SD of 3 independent experiments. (D) Dasatinib-sensitive 
(TESP+; H322M) or -resistant cells (TESP–; A549) were grown s.c. in nude mice. After 14 days of treatment (vehicle, dasatinib), tumor volumes 
were measured as diameters. SD of tumor volume in the cohort of treated and untreated mice was calculated and is depicted as error bars.
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ERBB2 or EGFR (Fisher’s exact test, P = 0.009; data not shown). 
Thus, TESP enables discovery of clinically relevant genotype-
phenotype relationships.
Encouraged by these findings, we set out to test our approach for 
compounds inhibiting a wide range of kinases, such as dasatinib 
(65). We determined the distribution of GI50 values of cell lines with 
chromosomal copy number gain (copy number > 3) affecting at 
least 1 or 2 of either one of the genes encoding the most biochemi-
cally sensitive dasatinib targets and compared these to the distri-
bution of GI50 values of cells without copy number gain at these 
genomic positions (Figure 6A, Supplemental Table 8, and Supple-
mental Figure 9B). As hypothesized, these groups were significant-
ly distinct in the distribution of GI50 values (P = 1.8 × 10–3 when 
1 gene was affected and P = 4.6 × 10–3 when 2 of the target genes 
were affected by copy number gain; Figure 6A and Supplemental 
Figure 9B). In particular, this predictor comprised copy number 
gain at the loci of gene family members of ephrin receptor kinases 
(EPHA3, EPHA5, and EPHA8), SRC kinases (SRC, FRK, YES1, LCK, 
and BLK), and ABL2, suggesting that NSCLC cells harboring such 
lesions might be exquisitely sensitive to therapeutic inhibition 
of the encoded proteins. The probability that cell lines with copy 
number gain at either 1 or 2 of these genes will be sensitive to dasat-
inib treatment (GI50 < 100 nM) increases up to 5.6-fold (gain of 1 
gene) and 15.8-fold (gain of 2 genes), respectively, when compared 
with cells without copy number gain at these loci (Figure 6A and 
Supplemental Figure 9B). In contrast, copy number gain involving 
loci encoding biochemically less sensitive dasatinib targets failed to 
show enrichment of sensitive cell lines (data not shown).
In cells with copy number gain of biochemically defined dasatinib 
target genes, dasatinib treatment led to robust induction of apopto-
sis (data not shown). Importantly, copy number gain of at least one 
of either of these genes is present in 12.9% (copy number > 3) of sev-
eral hundred primary lung adenocarcinomas (15) (data not shown), 
thus emphasizing the potential clinical relevance of our predictor.
In the dasatinib-sensitive cell-line H322M harboring amplified 
SRC, dasatinib treatment led to dephosphorylation of SRC at low 
nanomolar doses, paralleling growth inhibition at similar concen-
trations (Supplemental Figure 9C). In order to determine whether 
the genes in our dasatinib predictor are causatively linked with the 
activity of dasatinib, we silenced SRC by lentiviral shRNA in H322M 
cells (Figure 6B). When compared with parental cells or cells express-
ing the control vector, H322M-SRC–knockdown (H322MSRCkd) cells 
showed a massive reduction in cellular proliferation (Figure 6B) 
and increase in cell death (data not shown). In order to further vali-
date activated SRC as the relevant dasatinib target in H322M cells, 
we expressed an activated allele of SRC together with a sterically 
demanding mutation at the gatekeeper position of the ATP-binding 
pocket (T341M) (67); this mutation and the analogous mutations 
in Bcr-Abl and EGFR (see above) induce on-target drug resistance 
(67) by displacing the compound from the ATP-binding pocket. As 
hypothesized, expression of the T3141M gatekeeper mutation but 
not of SRC alone rescued dasatinib-induced cell death in H322M 
cells (Figure 6C). These results formally validate SRC as the relevant 
dasatinib target in SRC-amplified NSCLC cells.
We also validated EPHA3 as a relevant target in H28 cells with 
gain of EPHA3 by showing decreased viability of these cells upon 
stable knockdown of EPHA3 (Supplemental Figure 10).
We next transplanted cells with or without copy number gain 
of SRC into nude mice. Mice were treated with either dasatinib 
or placebo on a daily application schedule. Again confirming our 
in-vitro observations, robust tumor shrinkage was observed in 
mice transplanted with cells harboring copy number gain of SRC 
(H322M) (Figure 6D) receiving dasatinib. In contrast, no tumor 
shrinkage was observed in mice transplanted with cells predicted 
to be resistant against dasatinib (A549) and in all mice treated with 
placebo (Figure 6D). We consistently failed to grow EPHA3-ampli-
fied H28 cells in nude mice; HCC515 cells were therefore chosen 
as another model of NSCLC with gain of EPHA3. Dasatinib treat-
ment of established HCC515 tumors also induced significant 
tumor shrinkage (data not shown).
Together, these results show that in NSCLC, copy number gain 
of ephrin receptor or SRC family member genes and ABL2 may 
render tumor cells dependent on these kinases, thus exposing a 
vulnerability to therapeutic inhibition with dasatinib.
Discussion
Here, we show that diverse analytical approaches of multiple 
orthogonal genomic and chemical perturbation data sets perti-
nent to a large collection of cancer cell lines afford insights into 
how somatic genetic lesions impact cell biology and therapeutic 
response in cancer. Such data sets provide a rich source for dif-
ferent computational approaches that each yield complementary, 
accurate, and valid predictors of inhibitor sensitivity. The basis for 
such predictions is a panel of genomically annotated NSCLC cell 
lines that is representative of the genetic diversity, the transcrip-
tional profile, and the phenotypic properties of primary NSCLC 
tumors. The overall functional biological validity of our approach 
is supported by the observation that EGFR mutations are the 
strongest predictor of sensitivity to the EGFR inhibitor erlotinib. 
Others have similarly observed high activity of EGFR inhibitors in 
EGFR-mutant NSCLC cell lines (6, 13, 68), supporting the validity 
of our unbiased computational approach employing systematic 
global measurements of genetic lesions.
Applying systematic similarity profiling using computationally 
defined significant genetic lesions, we also identified predictors 
for compounds currently in clinical use or trials. Specifically, in 
an unbiased manner, we confirmed EGFR mutations not only to 
predict sensitivity to EGFR inhibitors (erlotinib, PD168393, van-
detanib) (6–8, 47, 52) but also to the SRC/ABL inhibitor dasatinib 
(54, 56). We formally demonstrated that EGFR is the relevant target 
of dasatinib in EGFR-mutant cells by showing the lack of activity 
of this compound in Ba/F3 cells expressing the T790M resistance 
allele of EGFR. Thus, exploring multiple orthogonal genomic 
and chemical data sets enabled the formal definition of a relevant 
tumor-cell target of an FDA-approved drug.
In addition, we performed supervised identification of predictors 
for drug sensitivity. A noteworthy finding is the role of KRAS muta-
tion as a predictor of sensitivity to 17-AAG. Independent valida-
tion of the predictor for an Hsp90 inhibitor in a transgenic murine 
lung cancer model strengthens the robustness of our approach. 
Given the high prevalence of cancer patients with mutated KRAS 
and their unfavorable prognosis, this finding might be of clini-
cal importance, as Hsp90 inhibitors (e.g., 17-AAG, IPI-504, NVP-
AUY922) are currently under clinical evaluation.
Finally, our compound target-enrichment approach for predic-
tion of sensitivity led to the observation of exquisite vulnerabil-
ity of cells with copy number gain of ephrin receptor and SRC 
family genes as well as ABL2 to dasatinib treatment. As a proof 
of principle we validated our prediction model in great depth for 
the relevance of SRC amplification for dasatinib activity in vitro 
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and in vivo. Thus, copy number gain affecting one of these genes 
may render tumor cells dependent on the encoded kinases, thereby 
defining potential biomarkers for successful treatment of NSCLC 
patients with dasatinib, an FDA-approved drug.
In summary, we have established a genomically, phenotypically, 
and functionally validated tool for studying drug activity mecha-
nisms in the laboratory. Our results strengthen the notion that 
multiple orthogonal data sets pertinent to large cancer cell-line 
collections may offer an as-yet-unmatched potential for explor-
ing the cell-biological impact of novel compounds in genomi-
cally defined cancer types. Such cell-line collections may advance 
molecularly targeted treatment of cancer by providing a tool for 
preclinical molecular drug target validation on the basis of the 
genetic lesion signature characteristic of individual tumors.
Methods
Cells. The cell-line collection generated by A.F. Gazdar, J. Minna, and col-
leagues (69, 70) formed the basis of this collection. Further cell lines were 
obtained from ATCC, DSMZ (German Collection of Microorganisms and 
Cell Cultures, Germany), and our own or other cell culture collections. 
Details on all cell lines are listed in Supplemental Table 1, including pro-
viders and culture conditions. Cells were routinely controlled for infection 
with mycoplasma by MycoAlert (Cambrex) and were treated with antibiot-
ics according to a previously published protocol (71) in case of infection.
SNP arrays. Genomic DNA was extracted from cell lines using the Pure-
gene kit (QIAGEN) and hybridized to high-density oligonucleotide arrays 
(Affymetrix) interrogating 238,000 SNP loci on all chromosomes except Y, 
with a median intermarker distance of 5.2 kb (mean 12.2 kb). Array experi-
ments were performed according to the manufacturer’s instructions. SNPs 
were genotyped by the Affymetrix Genotyping Tools software, version 2.0. 
SNP array data of 371 primary samples were obtained from the Tumor 
Sequencing Project (processed data file viewable in GenePattern’s SNP 
viewer: dataset.snp; http://www.broad.mit.edu/cancer/pub/tsp/) (15). We 
applied what we believe is a novel and general method for GISTIC (14) to 
analyze the data sets. In brief, each genomic marker was scored according 
to an integrated measure of the prevalence and amplitude of copy number 
changes (and only prevalence in the case of LOH), and the statistical signifi-
cance of each score was assessed by comparison with the results expected 
from the background aberration rate alone. The GISTIC algorithm was run 
using 2 different pairs of copy number thresholds: copy number 4 (ampli-
fications); 1 (deletions); and copy number 2.14 (amplifications); 1.87 (dele-
tions) to reflect focal and broad events, respectively. For the sake of simplic-
ity, we refer to these settings using only the amplification threshold.
Detection of homozygous deletions. For identification of homozygous dele-
tions, SNP data were filtered for 5 coherent SNPs exhibiting copy numbers 
of less than 0.5. The analysis was focused on focal losses, excluding entire 
chromosomal arms. Information about genes located in a region of homo-
zygous deletion was based on hg17 build of the human genome sequence 
from the University of California Santa Cruz (http://genome.ucsc.edu).
Analysis of cooccurring lesions. The analysis was performed computing 
ratios of observed versus expected cooccurrence frequency of individual 
lesions. Hierarchical clustering of mutation data combined to quantita-
tive copy number changes that were dichotomized was performed using 
the reciprocal cooccurrence ratio as distance measure with average linkage 
method. As the adequate threshold for occurrence of copy number lesions 
depends on the overall level of copy number alteration for that specific 
lesion, the sum of these ratios for 3 distinct thresholds was used.
Mutation detection. Mutation status of known oncogene mutations in 
the genes EGFR, BRAF, ERBB2, PIK3CA, NRAS, KRAS, ABL1, AKT2, CDK4, 
FGFR1, FGFR3, FLT3, HRAS, JAK2, KIT, PDGFRA, and RET was determined 
by mass-spectrometric genotyping. Mutation status of these genes for all 
cell lines was published previously (22). In addition, the genes EGFR, BRAF, 
ERBB2, PIK3CA, KRAS, TP53, STK11, PTEN, and CDKN2A were bi-direction-
ally sequenced following PCR amplification of all coding exons.
Expression arrays. Expression data for 54 of the cell lines were obtained 
using Affymetrix U133A arrays. RNA extraction, hybridization, and scan-
ning of arrays were performed using standard procedures (35). CEL files 
from U133A arrays were preprocessed using the dChip software (http://
biosun1.harvard.edu/complab/dchip/; built date May 5, 2008). We com-
pared the cell lines with cell lines and primary tumors from lung can-
cer (28), renal cell carcinomas (29, 72), and lymphoma (30, 73) data sets 
obtained from GEO (http://www.ncbi.nlm.nih.gov/geo/) by hierarchical 
clustering. Data were processed by standard procedures; normalization 
was performed in dChip. For comparison of NSCLC cell lines (U133A) and 
primary tumors, we used data on adenocarcinomas from Bhattacharjee 
and colleagues generated on U95Av2 arrays (35). We selected genes that we 
found differentially expressed between cell lines with mutant EGFR and 
WT EGFR (fold change between groups >2, 90% CI; absolute difference > 
100, P < 0.01) and between erlotinib-sensitive and erlotinib-resistant cell 
lines (erlotinib-sensitive [GI50 < 0.1 μM] vs. erlotinib-resistant [GI50 > 2 μM], 
fold change > 2, 90% CI; absolute difference > 100, P < 0.005). For principal 
component analysis, the R language for statistical computing was used. 
Variable transcripts were identified using the following filtering criteria: 
coefficient of variation 1.9 through 10, 40% present call rate. The first prin-
cipal component described 14.5% of the overall variance, the second 9.6%, 
and the third 8.2%. Using a cutoff of 1400 in the eigenvalue, samples were 
grouped according to the first principal component.
Cell-based screening. All compounds were purchased from commercial sup-
pliers or synthesized in house, dissolved in DMSO, and stored at –80°C. 
Cells were plated into sterile microtiter plates using a Multidrop instrument 
(Thermo Scientific) and cultured overnight. Compounds were then added 
in serial dilutions. Cellular viability was determined after 96 hours by mea-
suring cellular ATP content using the CellTiter-Glo Assay (Promega). Plates 
were measured on a Mithras LB 940 Plate Reader (Berthold Technologies). 
GI50 values were determined from the preimage under the growth inhibition 
curve, where the latter was smoothed according to the logistic function with 
the parameters appropriately chosen. For these analyses, we have established 
a semiautomated pipeline as what we believe to be a novel R package (43).
Lesion-based prediction of compound sensitivity. For lesion-based prediction of 
sensitivity, 3 different approaches were applied. First, the most sensitive and 
most resistant samples were chosen according to their sensitivity profile. 
Where the sensitivity profile of the corresponding compound did not allow 
a clear distinction between resistant and sensitive cell lines, groups were 
defined by the 25th and 75th percentiles. We used Fisher’s exact test to eval-
uate the association between the activity of the compound and the presence 
of significant lesions as defined by GISTIC. For this purpose, the cell-line 
panel was divided according to the presence of each lesion. The logarithmi-
cally transformed GI50 values pertinent to each group were now compared 
by a 2-sample Welch’s t test. In order to avoid an artificially low variance, the 
Welch’s t tests were based on a fixed variance determined as the mean of the 
variances that were clearly distinct from zero (>0.1). Details of this proce-
dure are presented in the publication by Solit and colleagues (12).
In a next step, multilesion predictors of sensitivity were calculated 
using feature selection, with subsequent validation by a KNN algorithm 
with a leave-one-out strategy (45), in which the same choice of samples 
was used as above for Fisher’s exact test: For all but 1 sample, genetic 
lesions strongly discriminating between sensitive and resistant cell lines 
were selected and the prediction was validated by the remaining left-out 
sample. Copy number data were dichotomized to ensure a better compa-
rability with the mutation data. Five different thresholds were used to 
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dichotomize the copy numbers: 2.14, 2.46, 2.83, 3.25, and 4 for amplified 
loci; and 1.87, 1.62, 1.41, 1.23, and 1 for deletions. The collection of fea-
tures and the threshold for the dichotomization were selected for which 
the leave-one-out validation showed best performance and was taken as 
the best combined predictor to the respective compound. As a measure 
to select the setting with the largest predictive strength, the Youden index 
(sensitivity + specificity – 1) was used.
For example, the best erlotinib single gene predictor was obtained when 
the lesion data were dichotomized using the thresholds 3.25 and 1.23, 
respectively. Cell lines with a GI50 of less than 0.07 μM were considered 
sensitive. For the predictor, the same cutoff values were used. Best per-
formance in the leave-one-out cross validation was obtained using 15 fea-
tures, k = 3 neighbors, and the cosine-based metric. Due to the problem of 
multiple hypothesis testing, the significance of the above Welch’s t tests as 
well as Fisher’s exact tests should be understood in an explorative rather 
than confirmative sense.
The NCI-60 cancer cell-line panel was used for validation of our find-
ings (http://dtp.nci.nih.gov/mtargets/mt_index.html). Since the MEK 
inhibitor UO126 and the Hsp90 inhibitor 17-AAG were not covered by 
the collection of pharmacological data, we analyzed the association of the 
respective lesions to hypothemycin (MEK inhibitor) and to geldanamycin 
(17-AAG is a geldanamycin derivate) instead. Significance of association 
was analyzed by Fisher’s exact test. Due to strongly discordant GI50 val-
ues, the cell lines HOP62 and A549 were excluded from the analysis with 
respect to the Hsp90 inhibitors. The thresholds for 1q21.3 amplification 
were set according to the overall distribution of copy number changes in 
the respective data sets (2.7 corresponding to 33% of the NSCLC cell lines; 
2.4 corresponding to 33% of the NCI-60 collection).
All Fisher’s exact tests, Welch’s t tests (all 2-tailed), and Wilcoxon tests 
were performed using R version 2.7.1 (http://www.wpic.pitt.edu/WPIC-
CompGen/hclust/hclust.htm). A level of significance of 5% was chosen. 
For cluster analysis, the R routine “hclust” was used.
Structural modeling of compound binding. The crystal structures of dasat-
inib bound to ABL kinase  (pdb code 2IVU;  ref. 74) and vandetanib 
bound to the RET kinase (pdb code 2IVU; ref. 75) were aligned to the 
kinase domain of EGFR bound to erlotinib (pdb code 1M17; ref. 76) 
using PyMOL software, 1.1beta (DeLano Scientific LLC). Based on the 
structural alignment of ABL with EGFR, the binding mode for dasatinib 
in EGFR is identical to that of the dasatinib-Abl complex. Figures of the 
structures were prepared using PyMOL.
Western blot analyses. Whole-cell lysates were prepared in NP40 lysis buffer 
(50 mmol/l Tris-HCl, pH 7.4, 150 mmol/l NaCl, 1% NP40) supplemented 
with protease and phosphatase inhibitor I and II cocktails (Merck) and 
clarified by centrifugation. Proteins were subjected to SDS-PAGE on 12% 
gels, except where indicated. Western blotting was done as described previ-
ously (77). The EGFR (no. 2232), the AKT (no. 9272), and the phosphor-
SRC (Tyr416) (no. 2101) antibodies were both purchased from Cell Signal-
ing Technology. The SRC (GD11) antibody was purchased from Millipore. 
The Hsp90 antibody (16F1) was purchased from Stressgen (Assay Designs).
The phospho-EGFR (Tyr1068) antibody was purchased from BioSource 
(Invitrogen). The cyclin D1 (DCS-6), the c-RAF (C-20), and the actin (C-11) 
antibody were purchased from Santa Cruz Biotechnology Inc. The KRAS 
(234-4.2) antibody was purchased from Calbiochem.
Immunoprecipitation. For the detection of complexes of Hsp90 with KRAS 
or EGFR and vice versa, whole-cell lysate (0.5–1 mg) in NP40 lysis buf-
fer was incubated with Agarose A/G Plus preconjugated with the Hsp90 
or KRAS antibody (see Western blot analyses). Immunoprecipitates were 
washed in NP40 lysis buffer, boiled in sample buffer, and subjected to SDS-
PAGE followed by Western blotting using an anti KRAS, Hsp90, or EGFR 
antibody to detect complex formation.
Apoptosis assays. Cells were plated in 6-well plates after 24 hours of 
incubation, treated with 17-AAG for 72 hours, and finally harvested 
after trypsinization. Then cells were washed with PBS, resuspended in 
annexin V binding buffer, and finally stained with annexin V–FITC and 
propidium iodide. FACS analysis was performed on a FACSCanto flow 
cytometer (BD Biosciences), and results were calculated using FACSDiva 
Software, version 5.0.
Transfection and infection. Replication-incompetent retroviruses were pro-
duced from pBabe-based vectors by transfection into the Phoenix 293-TL 
packaging cell line (Orbigen) using the calcium precipitation method. 
Replication-incompetent lentiviruses were produced from pLKO.1-puro 
based vectors containing the shRNA insert (http://www.broad.mit.edu/
node/563) by cotransfection of 293-TL cells with pMD.2 and pCMVd.8.9 
helper plasmids using reagent Trans-LT (Mirus). Cells were infected with 
viral supernatants in the presence of polybrene. After 24 hours, medium 
was changed and cell lines were selected with 1–2 μg/ml puromycin, from 
which stable transduced clonal cell lines were derived.
Site-directed mutagenesis. All mutations (Y530F; T341M) were introduced 
into the c-SRC ORF with the QuikChange XL II Mutagenesis Kit (Strata-
gene) following the instructions of the manufacturer. Oligonucleotides 
covering the mutations were designed with the software provided by Strat-
agene, and each mutant was confirmed by sequencing.
17-DMAG treatment in LSL-KRAS mice. The  lox-stop-lox–KRAS (LSL-
KRAS) mouse lung cancer model has been described elsewhere (64). Seven 
mice were imaged by MRI at 12 to 20 weeks after adeno-CRE treatments 
to document initial tumor volume. The mice were then divided into 17-
DMAG (LC Laboratories) and placebo treatment groups, with 4 and 3 
mice in each group, respectively. 17-DMAG was formulated in saline and 
given through tail-vein injection at 20 mg/kg/d dosing schedule. Mice were 
imaged by MRI after 1 week of drug treatment and sacrificed for further 
histological analysis thereafter. The protocol for animal work was approved 
by the Dana-Farber Cancer Institute Institutional Animal Care and Use 
Committee, and the mice were housed in a pathogen-free environment at 
the Harvard School of Public Health.
MRI scanning and tumor volume measurement. Mice were anesthetized with 
1% isoflurane; respiratory and cardiac rates were monitored with BioTrig 
Software, version BT1 (Bruker BioSpin). Animals were imaged in the coro-
nal planes with a rapid acquisition with relaxation enhancement (RARE) 
sequence (Tr = 2000 ms; TE effect = 25 ms, where Tr = pulse repetition time 
and TE = minimum echo time), using 17 × 1 mm slices to cover the entire 
lung. Matrix size of 128 × 128 and field of view (FOV) of 2.5 × 2.5 cm2 were 
used for all imaging. The areas of lung tumors were manually segmented 
and measured using ImageJ software (version 1.33; http://rsbweb.nih.gov/
ij/) on each magnetic resonance slice. Total tumor volume was calculated 
by adding tumor areas from all 17 slices (78). Note that MRI cannot clearly 
distinguish tumor lesions and postobstruction pneumonia that is induced 
by bronchial tumors of this particular tumor model.
Xenograft models. All animal procedures were in accordance with the Ger-
man Laws for Animal Protection and were approved by the local animal 
protection committee and the local authorities (Bezirksregierung Köln). 
Tumors were generated by s.c. injections of 5 × 106 tumor cells into nu/nu 
athymic male mice. When tumors had reached a size of about 50 mm3, 
animals were randomized into 2 groups, control (vehicle) and dasatinib-
treated mice. All controls were dosed with the same volume of vehicle. 
Mice were treated daily by oral gavage of 20 mg/kg dasatinib. The vehicle 
used was propylene glycol/water (1:1). Tumor size was monitored every 2 
days by measuring perpendicular diameters. Tumor volumes were calcu-
lated from the determination of the largest diameter and its perpendicular 
diameter according to the equation [tumor volume = a × (b2/2), where 
a = tumor width and b = tumor length].
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In cancer, genetically activated proto-oncogenes often induce ‘‘up-
stream’’ dependency on the activity of the mutant oncoprotein.
Therapeutic inhibition of these activated oncoproteins can induce
massive apoptosis of tumor cells, leading to sometimes dramatic
tumor regressions in patients. The PI3K and MAPK signaling path-
ways are central regulators of oncogenic transformation and tumor
maintenance. We hypothesized that upstream dependency engages
either one of these pathways preferentially to induce ‘‘downstream’’
dependency. Therefore, we analyzedwhether downstream pathway
dependency segregates by genetic aberrations upstream in lung
cancer cell lines. Here, we show by systematically linking drug re-
sponse to genomic aberrations in non-small-cell lung cancer, as well
as in cell lines of other tumor types and in a series of in vivo cancer
models, that tumors with genetically activated receptor tyrosine
kinases depend on PI3K signaling, whereas tumors with mutations in
the RAS/RAF axis depend on MAPK signaling. However, efﬁcacy of
downstream pathway inhibition was limited by release of negative
feedback loops on the reciprocal pathway. By contrast, combined
blockade of both pathways was able to overcome the reciprocal
pathway activation induced by inhibitor-mediated release of nega-
tive feedback loops and resulted in a signiﬁcant increase in apoptosis
and tumor shrinkage. Thus, by using a systematic chemo-genomics
approach, we identify genetic lesions connected to PI3K and MAPK
pathway activation and provide a rationale for combined inhibition
of both pathways. Our ﬁndings may have implications for patient
stratiﬁcation in clinical trials.
cancer genomics  combination therapy  high-throughput cell line screening 
oncogene dependency
The past decade has witnessed the advent of targeted cancertherapeutics targeting mutationally activated proto-oncogenes.
When targeted to the right patient population, such approaches
have proven efficacious with, sometimes dramatic, responses and
improvement in survival (1–3). Given the pace of the currently
ongoing efforts to fully characterize cancer genomic aberrations, a
comprehensive genetic compendium of all human cancers is within
reach. Although initial studies suggested that most human tumors
are dominated by an array of individual, or ‘‘private’’ mutations (4),
more recent studies imply that most human cancer genome aber-
rations converge on activation of a limited repertoire of ‘‘down-
stream’’ oncogenic signaling pathways (5–8). Importantly, among
the most heavily affected oncogenic pathways were the PI3K and
the MAPK signaling pathways. Thus, rather than providing ther-
apeutic strategies for each individual mutation, targeting key mod-
ulators of downstream pathways appears increasingly attractive.
Importantly, small synthetic molecules targeting these pathways
have been developed and are currently undergoing clinical testing.
Previously, mutations in BRAF have been linked to downstream
dependency on MEK (9), the kinase phosphorylating MAPK (or
ERK), KRAS-mutant lung cancers depend on both PI3K and
MAPK signaling (10), and resistance to EGFR inhibition appears
to involve mechanisms that maintain PI3K signaling (11, 12).
However, in the vast majority of the cases, the inhibition of either
the PI3K or MAPK pathway alone is not sufficient to robustly
induce tumor shrinkage (13), in part explained through release of
negative feedback loops resulting in the activation of the alternate
pathway (14–18). By contrast, studies analyzing combinations of
pathway inhibitors showed favorable results (13, 14). Thus, a
genetically defined framework that would allow predicting which of
these pathways is primarily affected and whether the combinatorial
inhibition of both pathways is superior to single-agent treatment
would greatly impact future clinical strategies in trials involving such
therapeutics.
A major hurdle in the transition from preclinical drug discovery
to clinical trials lies in the genomic diversity of human tumors and
the lack of preclinical models that capture this diversity. Given the
impact of genomic aberrations on therapeutic response, such mod-
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els are necessary to identify lesions connected to individual drug
response. To overcome these limitations, we have recently collected
a panel of 84 non-small-cell lung cancer (NSCLC) cell lines that we
have characterized in depth in gene copy number, gene expression,
and mutation space (19). This panel yielded robust genomic pre-
dictors for several preclinical and clinical compounds. Here, we
asked whether chemical perturbation of this panel with both PI3K
andMEK inhibitors might help to systematically reveal downstream
dependencies on these pathways as a function of genetic lesions.
Results
Dissecting PI3K Signaling Pathway Dependency in Cancer. As a first
step in determining the role of PI3K signaling in NSCLC, we
screened our cell line panel against the dual specific PI3K/mTOR
inhibitor PI-103 (20–23). We found PI-103 to be active in nano-
molar range against the majority of our cell lines (Fig. S1A) (17).
Growth-inhibitory activity of PI-103 was largely independent of the
mutational status ofEGFR,PTEN, andPIK3CA; all of these lesions
are known activators of PI3K signaling (24). When applying dif-
ferent prediction models using all significant lesions found in our
cell line panel, no robust predictor could be determined (Fig. S1A).
We reasoned that cell lines with a dependency on PI3K signaling
predominantly undergo apoptosis on inhibition of PI3K, and there-
fore, systematically screened our cell line panel for induction of
apoptosis after treatment with 0.5 Mof PI-103 (Fig. 1A) and with
1 Mof PI-103 (Fig. S2 and Table S1). We found that in a fraction
of cell lines (n 10; apoptosis rate18%), dual inhibition of PI3K
andmTORrobustly induced apoptotic cell death (Fig. 1A). The cell
lines most susceptible to induction of apoptosis were enriched for
cells known to be dependent on activated receptor tyrosine kinases
(RTK; EGFRmut, EGFRamp, METamp, HER2mut, and HER2amp)
(Fig. 1A), suggesting a key role of PI3K signaling in transmitting
survival signals downstream of mutant RTKs in these cells. When
grouping these different genotypes to a subclass of RTK-dependent
tumors, we could now robustly predict PI3K dependency in our cell
line panel (P  0.0229) (Fig. 1A; Fig. S1B). By contrast, activating
mutations in the RAS/RAF pathway (RAS, KRASmut, NRASmut,
and BRAFmut) were predominantly found in cell lines resistant to
PI3K inhibition; thus, suggesting that RAS signaling-dependent
tumors are not susceptible to inhibition of PI3K (10).We confirmed
primary dependency on the genetically activated ‘‘upstream’’ RTK
by demonstrating exquisite sensitivity of the respective cell lines to
selective inhibitors targeting the respective activated kinase (19).
Activity of PI-103 could be linked to inhibition of the PI3K/Akt
pathway, because ectopic expression of a constitutively active allele
of Akt [myristoylated (Myr)-Akt] rescued cells from PI-103-
Fig. 1. Inhibition of PI3K signaling in cancer. (A) All cell
lines were screened for induction of apoptosis using An-
nexin-V/PI staining after 72-h treatment with PI-103. Bars
represent the fraction of apoptotic cells and are sorted
from the most sensitive cell line (Left) to the most resis-
tant cell line (Right), and grouped according to the pres-
ence of RTK- (EGFR, ERBB2, MET) or RAS-lesions (KRAS,
NRAS, BRAF). A two-by-two table highlights the distribu-
tionofapoptoticcell lines inthetwodifferentgenetically
defined groups (RTK, RAS). (B) Two PI-103 sensitive
(H1975, HCC827) and two resistant cell lines (H441, H460)
were treated with PI-103 either in a dilution series (Left)
or over time at 1 M (Right). Pharmacodynamic markers
(pAKT, AKT, pS6K, S6K, pERK, ERK, p4EBP1) were as-
sessed by immunoblotting for all cell lines and all condi-
tions. Black bars indicate splicing of noncontiguous
bands run on the same gel. (C) Nude mice were s.c.
engrafted with H1975, HCC827, AN3CA, and MKN45
cells, and tumors were either treated with vehicle control
or the PI3K inhibitor GDC-0941 at 75 to 150 mg/kg. The
tumor volume change relative to the tumor volume at
day 0 (y axis) are plotted over time (x axis). (D) Growth of
lung tumors was induced in the ERBB2YVMA transgenic
mice. Tumors detectable by MRI were treated with either
vehicle (n 4) or GDC-0941 (n 3) at 75–150 mg/kg for
2–4 weeks. Tumor growth was measured by serial MRI
(Lower) and tumor volumes were calculated using Im-
age-J (SI Methods).
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induced apoptosis (Fig. S3). Also, hierarchical clustering of the
activity of compounds with enhanced selectivity against the differ-
ent isoforms of PI3K, as well as of the mTOR inhibitor rapamycin
across all of the cell lines validated p110 as the critical target of
PI-103 (Fig. S4 A and B) (25, 26). Also, these experiments revealed
a high degree of synergy between PI3K and mTOR inhibition, as
previously reported (Fig. S4C) (26).
In sensitive cells, PI-103 induced sustained suppression of phos-
phorylated (p-)Akt at submicromolar concentrations (Fig. 1B; Fig.
S3). In resistant cells, p-Akt levels were also extinguished, but
returned to almost baseline levels after 24–48 h of treatment. By
contrast, in all cell lines tested, levels of p-ERKwere either induced
or failed to be reduced by PI-103 treatment (Fig. 1B; Fig. S3),
presumably due to release of negative feedback loops (15–17).
Thus, although RTK-driven cancers exhibit a therapeutically ex-
ploitable dependency on PI3K signaling, treatment-induced acti-
vation of theMAPK signaling pathwaymay limit the overall activity
of single-agent PI3K inhibition.
We next transplanted a series of cell lines of different tumor types
onto nudemice (SIMethods) and treated the mice with GDC-0941,
a pharmalog of PI-103 with superior pharmacokinetic properties
(27). The panel studied in vivo comprised cell lines derived from
EGFR-mutant lung cancer, MET-amplified gastric cancer, and
FGFR2-mutant endometrial cancer. Tumor growth was halted
when treated with 150 mg/kg of GDC-0941, and resulted in tumor
shrinkage in the case of theMET-amplified gastric cancer cell line
MKN45 and theEGFR-mutant lung cancer cell lineHCC827, in the
latter case even when only 75 mg/kg of GDC-0941 were adminis-
tered (Fig. 1C). Tumor growth inhibition was paralleled by de-
creased phosphorylation of AKT, as evidenced by immunohisto-
chemical analysis of explanted tumors (Fig. S5). Remarkably, even
the growth of tumors expressing the T790M resistance mutation of
EGFR was inhibited by single-agent treatment with GDC-0941
(H1975; Fig. 1C Upper Right). By contrast, mice receiving placebo
exhibited massive growth of all tumors (Fig. 1C). We next assessed
the efficacy of GDC-0941 in two transgenic mouse models of
RTK-driven NSCLC. In one model (28), lung cancer is driven by
inducible expression of the insertion mutation YVMA of ERBB2
(Her2/neu). In the other model (29), lung-specific induction of the
double-mutantEGFRL858R/T790M (LTM) leads to erlotinib-resistant
lung cancer growth in mice. In the ERBB2YVMA mice, treatment
with 150 mg/kg of GDC-0941 led to pronounced tumor shrinkage,
whereas the lower dose (75 mg/kg) induced inhibition of tumor
growth compatible with stable disease (Fig. 1D; Fig. S6A). In the
LTM mice, 150 mg/kg of GDC-0941 halted tumor growth in four
out of five mice, compatible with stable disease (Fig. S6B). These
findings validate PI3K signaling as the predominant downstream
signaling pathway regulating survival in RTK-driven cancers. How-
ever, in some cases, tumor growth was only stopped, compatible
with release of negative feedback loops limiting the single agent
activity of PI3K inhibition.
DissectingMAPK Dependency in Cancer.To identifyMAPK signaling
dependency in NSCLC, we systematically screened our cell line
panel for apoptosis induction after treatment with the potent and
selective MEK1/2 inhibitor PD0325901 at clinically achievable
doses of 0.25 M (Fig. S7) and 0.1 M (Fig. S2 and Table S1) (30).
Due to its high potency and selectivity, the MEK inhibitor
PD0325901 was used to interrogate the MAPK pathway. This
analysis indicated enrichment of cell lines with RAS pathway
mutations among the top scoring cell lines displaying robust induc-
tion of apoptosis (P 0.0165) (Fig. S7). We next grouped the cells
according to their genotype and the fraction of apoptotic cells after
treatment with PD0325901 and observed an enrichment of cells
with MAPK lesions among the top scoring cell lines (P  0.0437)
(Fig. 2A). Interestingly, BRAF- and NRAS-mutant cells were pre-
dominantly found among the top 10 sensitive cell lines, but did not
reach statistical significance due to the low prevalence of BRAF-
and NRAS-mutations in our cell line panel (BRAFmut, 6%;
NRASmut, 5%).
Again, treatment with an inhibitor of a single downstream path-
way, PD0325901, led to induction of the other signaling pathway:
p-Akt was induced both in highly sensitive and cells of limited
sensitivity (Fig. 2B). Thus, our findings confirm and extend previ-
Fig. 2. Inhibition of MAPK signaling in cancer. (A) All cell lines were screened for induction of apoptosis using Annexin-V/PI staining after 72 h of treatment with
PD0325901. Bars represent the fraction of apoptotic cells and are sorted from the most sensitive cell line (Left) to the most resistant cell line (Right), and grouped
according to the presence of RTK- (EGFR, ERBB2, MET) or RAS-lesions (KRAS, NRAS, BRAF). Two-by-two table highlights the distribution of apoptotic cell lines in the
two different genetically defined groups (RTK, RAS). (B) Two PD0325901 sensitive (HCC364, Calu6) and two less sensitive cell lines (A549, H441) were treated with
PD0325901 either in a dilution series (Left) or over time at a fixed concentration (0.5 M; Right). Pharmacodynamic markers (pAKT, AKT, pS6K, S6K, pERK, ERK) were
assessed by immunoblotting for all cell lines and all conditions. (C) Nude mice were s.c. engrafted with H2122 and A549 cells, and tumors were treated with either the
vehicle control, GDC-0941 or PD0325901 at the indicated concentration. Both compounds were administered every other day in the case of H2122 or every day in the
case of A549. Similar results were obtained with other doses and other schedules (Fig. 4 D and E). The mean tumor volumes (y axis) are plotted over time (x axis).
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ous observations of predominant engagement of MAPK signaling
by RAS-/RAF-mutant cancers (9, 31). However, release of negative
feedback loops is likely to limit the overall efficacy of single-agent
therapeutic MEK inhibition.
We next transplanted two KRAS-mutated cell lines onto nude
mice and treated the mice with either GDC-0941 or PD0325901.
Consistent with our in vitro results, H2122 tumor growth was not
suppressed when mice where treated with the PI3K inhibitor at the
maximal tolerated dose (MTD) of 150 mg/kg (Fig. 2C). However,
tumor growth was inhibited when mice were treated with theMTD
of 25 mg/kg of the MEK inhibitor PD0325901 (Fig. 2C). Similar
results were obtained with A549 xenografts treated with lower
doses of both inhibitors (Fig. 2D) and with other dosing schedules
as well (Fig. 4 D and E). These findings support the notion that
MAPK signaling is the predominant downstream signaling pathway
regulating survival in cancers with activating mutations in the
RAS/RAF-pathway. The effect of MAPK signaling inhibition is
compatible with stable disease, and thus again, reactivation of the
PI3K signaling might limit the single agent activity of MEK
inhibition.
Enhanced Cell Killing by Dual PI3K and MAPK Blockade as a Function
of Genetic Lesions. Biochemical analyses of response to both PI3K
and MEK inhibition had shown that both inhibitors lead to induc-
tion of the alternate signaling pathway, presumably by release of
negative feedback loops (Figs. 1 and 2) (15–17). We hypothesized
that dual blockade of both pathways might be able to suppress
release of these negative feedback loops and, thus, induce apoptosis
more potently. Given the experimental and analytical challenges in
performing high-throughput combination compound screens, we
performed a previously underscribed algorithm to define synergy of
two compounds. Thus, synergy strength can be deduced as the
difference of experimental data from a null model separating
synergy from antagonism. For this analysis, we used growth inhi-
bition measurements obtained in high-throughput cellular screens
with both compounds and the combination profiled across the cell
line panel at different concentrations (SI Methods). Clustering of
cell lines according to the strength of synergy revealed that cell lines
with RAS-pathway mutations exhibited the highest synergy score
(Fig. 3A). By contrast, the combination index (32, 33) method
yielded incomplete results (Fig. S8)
To test whether this observation made in growth-inhibition
assays could be extended to apoptosis assays, we determined the
fraction of apoptotic cells after combined treatment with PI103
(500 nM) andPD0325901 (250 nM).As expected, inhibition of both
pathways resulted in increased apoptosis in virtually all cell lines
analyzed (Fig. 3B). To analyze the combined effect of PI3K and
MEK inhibition as a function of genotypes, we separated the
defined subgroups of cell lines in our panel that are defined by
either RTK lesions or lesions affecting the RAS-/RAF-signaling
pathway and compared the average rate of induction of apoptosis
of the different treatment regimens (Fig. 3C). We observed a
significant increase of apoptosis after combined treatment when
compared with either single inhibition ofMEK (n 37; P 0.003)
or single inhibition of PI3K (n  37; P  2.4*105) in the
RAS-mutation subgroup (Fig. 3C). In the subgroup of cells with
RTK lesions, combined inhibition of both pathways was also
significantly superior to single inhibition of MEK (P 0.0044) and
PI3K, although the latter comparison did not reach significance
(P  0.188). This result confirmed our observation obtained using
our synergy score approach (Fig. 3A).We sought to recapitulate this
finding in an independent cell line panel (Table S2) of tumors of
various histologies harboring lesions in RTK and RAS pathways
(n 15). We again found that cell lines with RTK lesions primarily
depended on PI3K signaling and cell lines with RAS-mutations
were predominantly driven byMAPKsignaling (Fig. S9).Again, the
combined inhibition of both pathways was superior to single agent
inhibition in both genotypes (Fig. S9). Thus, combined inhibition of
PI3K andMAPK signaling induces enhanced cell killing in cancers
driven by genetic lesions in RTKs and RAS/RAF oncoproteins.
However, synergy was more pronounced in RAS/RAF-mutant
tumors.
Fig. 3. Combined inhibitionofPI3K-andMAPK-signaling incancer. (A)All cell lineswere screenedfor synergistic responseusingsevendifferentcombinationsofPI103
and PD0325901 (C1 0.025M PI103 0.025M PD0325901; C2 0.25M PI103 0.25M PD0325901; C3 0.1M PI103 0.1M PD0325901; C4 0.1M PI103
 0.5 M PD0325901; C5 0.5 M PI103 0.1 M PD0325901; C6 1.0 M PI103 1.0 M PD0325901; C7 0.5 M PI103 0.5 M PD0325901) in a viability assay
(SIMethods). Positive values (red colors) of the synergy strength metric indicate synergy whereas negative values (blue colors) indicate antagonistic drug response. (B)
The inductionofapoptosis inallNSCLCcell lines (xaxis) after72hof singlePD0325901 (0.25M)treatment, singlePI-103 (0.5M)treatmentor combinatorial treatment
with both inhibitors is displayed. Apoptosis was assessed by flow cytometry using Annexin-V/PI staining. Bars represent the fraction of apoptotic cells and are sorted
from the most sensitive cell line (Left) to the most resistant cell line (Right) for the combined PI3K and MEK treatment. (C) All cell lines were screened for induction of
apoptosisusingAnnexin-V/PI stainingafter72-htreatmentwitheitherPD0325901(0.25M),PI-103(0.5M),oracombinationofbothcompounds (0.25MPD0325901
 0.5 M PI-103; x axis) and the resulting fractions of apoptotic cells (y axis) were plotted as box-plots according to the presence of RAS- (Left) or RTK-lesions (Right).
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Suppression of Feedback Loop-Mediated Pathway Reactivation by
Combined Blockade of MAPK and PI3K Pathways. We hypothesized
that enhanced cell killing by dual pathway inhibition (Fig. 3) might
be due to suppression of release of negative feedback loops and
analyzed the impact of these combinations on pathway activation.
Biochemical analyses of response indicated that although the dual
PI3K/mTOR inhibitor, PI-103, the p110 inhibitor, PIK-90, the
mTOR inhibitor, rapamycin, and the MEK inhibitor, PD0325901,
all led to inhibition of signaling downstream of the respective
targets, all of these inhibitors led to induction of at least one
signaling mediator in the alternate pathway (Fig. 4 A and B). By
contrast, combined blockade of both PI3K and MAPK signaling
potently suppressed activation of the other pathway in all cell lines
tested (Fig. 4A andB). Thus, combined inhibition of both PI3K and
MAPK signaling pathways can suppress feedback loop-induced
activation of other oncogenic signaling pathways, resulting in more
potent induction of apoptosis.
Last, we transplanted the FGFR2-mutant cell line AN3CA into
nude mice. Although single-agent treatment with the MEK inhib-
itor PD0325901 had no impact on tumor growth and the treatment
with the PI3K inhibitor GDC-0941 halted tumor growth (Fig. 1C),
only the combination of both compounds led to robust tumor
shrinkage (Fig. 4C). We next analyzed the KRAS-mutant cell line
H2122. As expected, only the combination treatment and not
single-agent treatment led to significant tumor size reduction in vivo
(Fig. 4D). Also, an alternating schedule where both the MEK
inhibitor PD0325901 and the PI3K inhibitor GDC-0941 were
administered at their MTD every fourth day was similarly effective
(Fig. 4E), potentially being more tolerable.
Discussion
A critical determinant for the success of molecularly targeted drugs
will be to identify those tumors that are connected with a thera-
peutically amenable dependency and to define the optimal thera-
peutic strategy for treating these tumors. Here, we applied a
chemo-genomics approach to link dependency on the PI3K and
MAPK pathways to subsets of genomic aberrations in cancer using
an NSCLC, as well as non-NSCLC cell line model. Notably, we
found RTK-driven tumors to largely depend on PI3K and RAS-/
RAF-driven tumors to be addicted to the MAPK signaling path-
ways, respectively. However, in all settings tested, release of nega-
tive feedback loops led to activation of the alternate pathway.
Similar to recent studies in breast cancer (14), combined inhibition
of both pathways potently suppressed release of negative feedback
loops; thereby, resulting in enhanced induction of apoptosis in
tumor cells and tumor shrinkage in vivo. Thus, patients whose
tumors harbor genomic aberrations in RTKs or any of the RAS-/
RAF-oncogenes might benefit from treatment with a combination
of a PI3K inhibitor and a MEK inhibitor.
It has been generally assumed that the engagement of both the
MAPKandPI3Kpathways bymutantRTKs is essential (1, 34).Our
results, by contrast, suggest that the primary downstream depen-
Fig. 4. Suppression of feedback loops by dual PI3K/
MAPK-inhibition enhances tumor shrinkage in vivo. (A)
Four NSCLC cell lines (H1975, HCC2429, HCC364, A549)
with different genetic lesions were treated for 24 hwith
PI-103, PIK90, PD0325901and rapamycin, in various com-
binations at ﬁxed concentrations (PI-103, 1 M; PIK90, 5
M; PD0325901, 0.5 M; rapamycin, 0.01 M). Pharma-
codynamic markers (pAKT, AKT, pS6K, S6K, pERK, ERK,
p4EBP1) were assessed by immunoblotting. (B) Three
different cell lines of non-NSCLC cancer type (AN3CA,
BT474, MKN45) with different genetic lesions were
treated for 6 h with PI-103, PIK90, PD0325901 and rapa-
mycin, in different combinations at ﬁxed concentrations
(PI-103 1M;PIK90 5M,PD0325901 0.5M; rapamycin
0.01 M). Pharmacodynamicmarkers (pAKT, AKT, pS6K,
S6K, pERK, ERK, p4EBP1) were assessed by immunoblot-
ting. The biochemical response to speciﬁc inhibitors tar-
geting the primary genetic lesion in the respective cell
line is shown as a reference (PD173074 targets FGFR,
PD168393targetsERBB2,PHA665752targetsMET).Black
bars indicate splicingofnoncontiguousbands runon the
same gel. (C and D) Nude mice were s.c. engrafted with
AN3CA or H2122 cells, and tumors were treated daily
with vehicle control, GDC-0941, PD0325901, or a combi-
nationof both at the indicateddose. The tumor volumes
(y axis) are plotted over time (x axis). (E) H2122 tumors
weregrownonnudemiceas inD, andmicewere treated
with an intermittent schedule of the combination of
GDC-0941 and PD0325901, both dosed at theirMTD (the
combination was administered every fourth day; GDC-
0941 dose, 150 mg/kg; PD0325901 dose, 25 mg/kg).
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dency of such tumors is on the PI3K pathway, whereas activation of
the MAPK pathway may primarily be the result of inhibition of the
PI3K pathway. This finding might be of particular interest for
treatment of patients whose RTK-driven cancer has acquired
secondary resistance after an initial response (e.g., EGFR-mutant
lung cancer treated with EGFR inhibitors). In these tumors,
secondary resistance mechanisms arise that either abrogate the
binding of the kinase inhibitor (35, 36), or that substitute the
primary signaling input by activation of additional kinases that
reactivate the same downstream pathway (12, 37, 38). Notably, we
found H1975 cells that express the T790M resistance mutation of
EGFR to be sensitive to PI3K inhibition. Similarly, HCC827 GR
cells (12) that acquired EGFR inhibitor resistance by amplification
of MET retained the high sensitivity to PI3K inhibition of the
parental HCC827 cell line. Thus, the primary signaling dependency
encoded by an activated mutation in a receptor tyrosine kinase
remains exploitable by PI3K inhibition alone, or better, in combi-
nation with a MAPK pathway inhibitor.
BRAF-mutant tumors were found in previous studies to be
addicted to downstream activation of MEK (9). Our findings
corroborate these observations; however, they further indicate that
these and RAS-mutant tumors exhibit the highest degree of sus-
ceptibility to combined PI3K/MAPK pathway inhibition. Thus, as
is the case with RTK-driven tumors, suppression of feedback-
mediated PI3K activation is still synergistic, even in the case of a
direct downstream dependency. We further found NRAS-mutant
NSCLC tumors to be exquisitely sensitive to MEK inhibition;
thereby, adding these genotypes to the growing list of genetic lesions
that might be amenable to specific therapeutic intervention (13).
Of note, we found that intermittent administration of a combi-
nation of a MEK inhibitor and a PI3K inhibitor at their respective
MTD was similarly effective as the daily administration at lower
doses. This observation suggests that noncontinuous, but potent
inhibition of these pathways might be sufficient for tumor growth
inhibition, a finding reminiscent of BCR-ABL inhibition in chronic
myeloid leukemia (39). Thus, rather than administering continu-
ously lower doses of inhibitors targeting downstream signaling
pathways, intermittent high dosing of such drug combinationsmight
be better tolerated and allow for more potent target inhibition,
induction of apoptosis, and tumor control.
In summary, we have defined the role of PI3K and MAPK
signaling in genetically defined cancers, and provide strong evi-
dence that combined inhibition of both pathwaysmight be clinically
beneficial. More broadly, our chemical-genomics approach may be
useful for the study of novel therapeutics and might help to direct
future drug development and patient stratification in clinical trials.
Materials and Methods
The cell line panel described previously (19) was used for cell-based screening
against various inhibitors using CellTiterGlo as a growth inhibition assay or using
Annexin-V and propidium iodide staining of cells as ameasure of apoptosis. The
accuracyofthemeasurementofapoptosiswasassessedinninerepresentativecell
lines (Fig. S10).Cell-basedscreeningwasperformedasdescribed (19). This cell line
panel has been shown to represent the distribution of genetic aberrations
present in primary lung tumors (19). Other cell lines representing additional
non-NSCLCtumortypeswere includedtotestwhetherobservationsweregeneral
featuresof tumorswith the respectivegenotypes. Calculationof theP valueswas
performedusinga two-tailed t test implemented in ‘‘R’’ and,where appropriate,
corrected for testing of multiple hypotheses. Pharmacodynamic response of
signaling was measured by immunoblotting of cellular lysates of treated cells
using phospho-speciﬁc antibodies. Mouse experiments were performed under
approval of the respective animal care review board. Mice were treated with
inhibitorsbyoralgavageusingthe indicateddosesandschedules. Tumor sizewas
determinedbymagnetic-resonance imaginginthecaseoftransgenicmiceandby
measuring diameters using a caliper in the case of xenografts. After treatment,
micewere killed and tumorswere explantedand, in some instances, subjected to
immunohistochemical staining of markers of response. For more details, see SI
Methods.
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Chemogenomic Profiling Provides Insights into the Limited
Activity of Irreversible EGFR Inhibitors in Tumor Cells
Expressing the T790M EGFR Resistance Mutation
Martin L. Sos1, Haridas B. Rode3, Stefanie Heynck1, Martin Peifer1, Florian Fischer1, Sabine Klüter3,
Vijaykumar G. Pawar3, Cecile Reuter1, Johannes M. Heuckmann1, Jonathan Weiss1, Lars Ruddigkeit3,
Matthias Rabiller3, Mirjam Koker1, Jeffrey R. Simard3, Matthäus Getlik3, Yuki Yuza4,
Tzu-Hsiu Chen5,7, Heidi Greulich5,6,7, Roman K. Thomas1,2,3, and Daniel Rauh3
Abstract
Reversible epidermal growth factor receptor (EGFR) inhibitors are the first class of small molecules to im-
prove progression-free survival of patients with EGFR-mutated lung cancers. Second-generation EGFR
inhibitors introduced to overcome acquired resistance by the T790M resistance mutation of EGFR have thus
far shown limited clinical activity in patients with T790M-mutant tumors. In this study, we systematically
analyzed the determinants of the activity and selectivity of the second-generation EGFR inhibitors. A focused
library of irreversible as well as structurally corresponding reversible EGFR-inhibitors was synthesized for
chemogenomic profiling involving over 79 genetically defined NSCLC and 19 EGFR-dependent cell lines. Over-
all, our results show that the growth-inhibitory potency of all irreversible inhibitors against the EGFRT790M
resistance mutation was limited by reduced target inhibition, linked to decreased binding velocity to the mu-
tant kinase. Combined treatment of T790M-mutant tumor cells with BIBW-2992 and the phosphoinositide-
3-kinase/mammalian target of rapamycin inhibitor PI-103 led to synergistic induction of apoptosis. Our
findings offer a mechanistic explanation for the limited efficacy of irreversible EGFR inhibitors in EGFRT790M
gatekeeper-mutant tumors, and they prompt combination treatment strategies involving inhibitors that target
signaling downstream of the EGFR. Cancer Res; 70(3): 868–74. ©2010 AACR.
Introduction
Reversible epidermal growth factor receptor (EGFR) inhibi-
tors were the first targeted therapeutics approved for the treat-
ment of non–small cell lung cancer (NSCLC; refs. 1, 2). The
4-amino-quinazoline scaffold allows specific binding in the
ATP-binding cleft of mutationally activated ERBB kinases (3).
Based on this scaffold, inhibitors such as gefitinib abrogate
the oncogenic signaling of EGFR (4, 5), promote tumor shrink-
age in EGFR-mutated patients, and thus, significantly extend
progression-free survival of patients with late stage lung can-
cer (2, 6).
One of the greatest challenges for drug development is the
emergence of in cis resistance mutations to tyrosine kinase
inhibitors. For patients with EGFR mutant lung cancer with
acquired drug resistance mutation of the gatekeeper (T790M;
ref. 7), irreversible second-generation EGFR inhibitors (8)
have been introduced but have thus far shown limited clini-
cal efficacy (9, 10). We synthesized and studied the activity of
a library of 19 structurally related ERBB inhibitors in genet-
ically validated cellular models (11, 12).
Materials and Methods
A detailed description of the synthesis of all inhibitors and
applied methods is given in the Supplementary Methods. All
other compounds were purchased from commercial suppli-
ers, dissolved in DMSO, and stored at −80°C. The collection of
84 NSCLC cells was established previously (11). Single nucle-
otide polymorphism arrays and mutational analyses were
used for routine authentication of the cell lines (11). Ba/F3
cell lines were established and described previously (12)
and tested for the expression of the mutant ERBB construct,
using immunoblotting and Sanger sequencing. Viability
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assays were performed measuring cellular ATP content (Cell-
Titer-Glo; Promega). Immunoblotting was performed using
standard procedures (13). For apoptosis assays, cells were
treated with the respective compound for 24 to 96 h, stained
with Annexin V-FITC/PI and analyzed by flow cytometry on
a Canto instrument (BD Biosciences). The modeling of RL58
into EGFR-T790M was performed using PyMol (DeLano Sci-
entific LLC). The structure was modeled by mapping the co-
ordinates onto the erlotinib structure bound to EGFR (PDB
code: 1m17). For covalent bond formation, velocity was mea-
sured determining fluorescence in black 384-well plates with
a TECAN Safire2 plate reader over time (excitation, 368 nm;
emission, 420 nm).
Results
To identify the criticalmoieties of ERBB inhibitors determin-
ing potency and specificity, we synthesized (Supplementary
Fig. S1) a library of irreversible 4-amino-quinazolines and qui-
nolines together with their reversible counterparts and charac-
terized their activity in biochemical assays (Fig. 1A). To obtain
compounds with high structural similarity and to facilitate the
interpretation of structure-activity relations of each modifica-
tion, we varied the inhibitor structures (Fig. 1A).
To determine the activity of these compounds, we used a
NSCLC cell line panel that consists of 18% EGFR- and ERBB2-
mutated cells (Fig. 1B; ref. 11). We first genetically validated
the dependency on EGFR signaling in EGFR-mutated cells
using lentiviral-mediated gene silencing of EGFR (Supple-
mentary Fig. S2A). We next confirmed the activity of our
synthesized compounds and observed different levels of de-
phosphorylation of EGFR in the EGFR-dependent PC9 cells
after 8 hours of treatment (Supplementary Fig. S2B).
We next characterized cellular compound activity (Supple-
mentary Table S1) and performed hierarchical clustering for all
screened cell lines (n = 79/84; Fig. 1C). This analysis revealed
clustering of three subgroups of compounds as defined by their
potency and specificity to target EGFR and ERBB2 (Fig. 1C).
The first group exhibited low activity in ERBB-dependent cells
and extended activity in non–ERBB-dependent cells (RL45,
RL13, RL14, and RL7; Fig. 1C). A second group of inhibitors,
showed high activity in EGFR-mutated cell lines and limited
activity in ERBB2-mutated and ERBB-independent cells
(RL20, RL2, RL11, RL6, erlotinib, RL10, RL23, RL58, RL50,
gefitinib, PD168393, and RL3; Fig. 1C). In a third group, high
activity in EGFR- and ERBB2-mutated cell lines was coupled
to limited activity in ERBB-independent cells (lapatinib,
BIBW-2992). Of note, none of the analyzed inhibitors showed
high activity in T790M-EGFR gatekeeper mutant cell lines
(H1975, H820). Thus, our analysis revealed the genotype-
dependent activity of our ERBB inhibitor library and shows
the limited effect of different electrophilic side chain substitu-
tions on the potency of ERBB inhibitors against tumors
expressing the T790M mutation.
We next screened a collection of Ba/F3 cells (12) expres-
sing known EGFR and ERBB2 mutations with or without
concomitant expression of the T790M mutation. We mea-
sured cellular viability (Supplementary Table S2) and per-
formed hierarchical clustering of the GI50 values. We
observed high activity for all inhibitors in cells without a
gatekeeper mutation with superior activity of irreversible in-
hibitors in the presence of insertion mutations and extracel-
lular domain mutations of EGFR (Fig. 2A; Supplementary
Fig. S3). Mirroring our results obtained in the panel of NSCLC
cell lines, we observed a reduction of the activity of all inhi-
bitors in the background of T790M mutations (Fig. 2A and
B). Of note, the reduction of activity of irreversible inhibitors
varied between the different concomitant mutations ex-
pressed with the EGFR gatekeeper T790M mutation in the
Ba/F3 cell lines (Fig. 2A and B; Supplementary Table S2).
Dephosphorylation of the target tyrosine kinase was
achieved at the nanomolar range in cells with single-activat-
ing EGFR mutations but not in cells coexpressing the T790M
gatekeeper mutation (Fig. 2C). Thus, our results imply that
although irreversible binding of EGFR inhibitors in gatekeep-
er-mutated EGFR is more potent than reversible inhibition,
the potency of the inhibitors is dramatically reduced when
compared with single activating EGFR mutations.
We next sought to determine the effect of the T790M mu-
tation in EGFR on the velocity of covalent bond formation of
an irreversible inhibitor in the ATP-binding pocket. For this
purpose, we developed a fluorescent-based assay (Supple-
mentary methods), which exploits the fact that covalent
bond formation of the inhibitor with EGFR-Cys797 leads to
a shift in fluorescence emission of the inhibitor (Fig. 3A). For
PD168393 in EGFRL858R + T790M, we observed a doubling of
covalent bond-formation time (Fig. 3B), thus providing a
mechanistic explanation for the limited ability of the irre-
versible inhibitors to inhibit the target.
We next validated the dependency on EGFR signaling in
the EGFRL858R + T790M–mutated H1975 cells through lentiviral-
mediated gene silencing of EGFR (Supplementary Fig. S4).
Based on our biochemical and cellular analyses, we speculated
that the activity of irreversible inhibitors is primarily dic-
tated by the initial reversible binding of the scaffold to the
hinge region—a short flexible sequence of amino acids that
connects the N-lobe and C-lobe of the kinase and forms key
hydrogen bonding interactions with ATP-competitive inhibi-
tors (Fig. 3A). These initial interactions may be critical for
promoting the subsequent reaction of the electrophiles of
such inhibitors with Cys797 of EGFR. Thus, we tested
BIBW-2992, its reversible counterpart RL58, and erlotinib
for their potency to dephosphorylate EGFR in H1975 cells
(Fig. 3C). Confirming our hypothesis, RL58 dephosphorylated
EGFR at concentrations 5-fold lower than erlotinib (Fig. 3C).
Erlotinib and RL58 are similar in that they both contain a
water-solubilizing moiety, although different, at the 7-position
of a quinazoline core. Thus, the superior potency of RL58
might be explained by the 4-(dimethylamino)butanamide
moiety found in the 6- position. The protonated tertiary amine
of this moiety may form a charged interaction with the side
chain of Asp800 located in a helix at the front lip of the ATP-
binding pocket of EGFR (Fig. 3D), an additional interaction
not observed for erlotinib.
Overall, our data derived from the covalent bond forma-
tion assays suggest that beyond the effect on the affinity
Limited Activity of Irreversible EGFR Inhibitors
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Figure 1. Profiling in NSCLC cell lines. A, the structures of ERBB inhibitors (red, reactive groups) and biochemical IC50s (nmol/L). B, the prevalence of
lesions involved in oncogenic signaling in lung cancer present in our cell line panel (20). C, a hierarchical cluster of cell lines and compounds, clustered
according to GI50 values. Three groups defined by their selectivity are marked in the upper part of the cluster (group 1, light gray squares; group 2, gray
squares; group 3, black squares). The presence (black squares, mutation; red squares, T790M mutation) or absence (gray squares) of selected lesions
is also depicted (right). Binding mode (gray, competitive; white, competitive type II), scaffold type (green, quinazoline; black, quinoline), and type of inhibitor
(red, reversible; blue, irreversible) are displayed.
Sos et al.
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Figure 2. Profiling in ERBB-dependent Ba/F3 cell lines. A, a hierarchical cluster of Ba/F3 cell lines and screened compounds, clustered according to
GI50 values. B, GI50 values across the screened Ba/F3 cell lines, for the ERBB-inhibitors. The respective range of compound activity is color-coded. C,
activation status of EGFR and its signal transducer (AKT) were determined by immunoblotting after treatment of Ba/F3 cell lines (EGFR del1, EGFR del1/TM,
EGFR vIII) with PD168393, RL3, or RL7.
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for ATP (14), the loss of activity of irreversible ERBB inhibi-
tors within the context of the T790M mutation (8), may also
be due to steric hindrance. This hindrance disrupts the initial
reversible binding of these inhibitors in the ATP binding site
and delays covalent bond formation (Fig. 3B). However, this
effect may be partially overcome by the introduction of
additional protein-inhibitor interactions with amino acid
side chains outside of the hinge region. This is highlighted
Figure 3. Determinants of the activity of irreversible ERBB
inhibitors. A, determination of covalent bond formation
between irreversible inhibitors and EGFR. The electrophile of
the inhibitor reacts with Cys797 of EGFR and this reaction
changes the intrinsic fluorescence properties of the inhibitor
by altering the electron system of the quinazoline ring system.
This change increases the fluorescence intensity (green
cloud) of the quinazoline core. B, binding velocity of
PD168393 in EGFRL858R and EGFRL858R + T790M. C, left,
phosphorylation of EGFR in H1975 cells was determined by
immunoblotting after treatment with erlotinib, RL58, or
BIBW-2992. D, RL58 is modeled into the ATP-binding pocket
of EGFR. The N1 of the quinazoline forms a hydrogen
bond with the backbone of Met793. The protonated tertiary
amine of the inhibitor is within distance to form charged
interactions with the side chain of Asp800.
Sos et al.
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by the ability of RL58 to retain high potency against
EGFRT790M in both biochemical (Fig. 1A) and cellular
(Fig. 3C) assays when compared with its irreversible counter-
part BIBW-2992.
We speculated that inhibiting signaling downstream of
EGFR might compensate for the limited activity of irrevers-
ible ERBB inhibitors (Fig. 4A) in T790M-mutated cells at
clinically relevant concentrations. At clinically achievable
doses (0.3 μmol/L), BIBW-2992 does not fully dephosphor-
ylate either EGFR or the downstream signaling (Fig. 4B). Of
note, inhibition of MEK (PD0325901) also leads to the de-
phosphorylation of EGFR, and dasatinib treatment does not
lead to dephosphorylation of its primary target SRC in this
setting (Fig. 4B). Induction of apoptosis achieved by BIBW-
2992 alone (Fig. 4C) can be mimicked by dual inhibition
with BIBW-2992 and the phosphoinositide-3-kinase (PI3K)/
mammalian target of rapamycin inhibitor PI-103 (Fig. 4D),
although PI-103 alone could induce apoptosis in these cells
(ref. 15; Fig. 4D). Although statistically not significant, this
combination is superior to BIBW-2992 single treatment as
well as dual EGFR/MEK inhibition or dual EGFR/SRC inhibi-
tion at clinically relevant concentrations (Fig. 4B and D). Thus,
our data suggests that erlotinib-resistant lung cancer might be
overcome by combined treatment with irreversible EGFR
inhibitors and PI3K inhibitors.
Discussion
Here, we show that the gatekeeper mutation T790M in
EGFR slows down the covalent bond formation of irreversible
inhibitors, reduces target inhibition, and limits the cytotoxic
activity of such inhibitors in cells expressing the resistance
mutation. Furthermore, our structural analysis of the revers-
ible counterpart of BIBW-2992 provides evidence that the first
step of the non–covalent binding of irreversible inhibitors in
the binding pocket might be responsible for the potency of
such inhibitors. Initial preclinical studies had provided a ratio-
nale for irreversible EGFR inhibitors in the setting of T790M-
related acquired erlotinib resistance (16, 17). However, in vir-
tually all of these cases, cytotoxicity could only be achieved at
clinically unachievable concentrations or combination thera-
py was required to augment this activity (18). Our systematic
Figure 4. Combined treatment of
EGFR and PI3K signaling. A,
induction of apoptosis after
treatment with increasing
concentrations of BIBW-2992
(H1975). B, phosphorylation of
EGFR and its signal transducers
were determined by
immunoblotting after treatment
with BIBW-2992 0.3 μmol/L, PI-103
0.5 μmol/L (PI3K-i), PD0325901
0.25 μmol/L (MEK-i) or dasatinib
0.25 μmol/L (SRC-i) in H1975 cells.
C, the time-dependent induction of
apoptosis after treatment with
BIBW-2992 in H1975 cells. D,
the induction of apoptosis after
treatment with BIBW-2992 (0.3
μmol/L), PI-103 (0.5 μmol/L,
PD0325901 at (0.25 μmol/L)
dasatinib (0.25 μmol/L), and
combinations (H1975). P, the
comparison of the respective
combination to single-treatment
BIBW-2992.
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approach is directed towards the T790Mmutation in EGFR as
a limiting factor in the efficacy of irreversible inhibitors being
in line with previous reports (19).
In summary, we provide insights into the limited efficacy
of second-generation ERBB inhibitors in erlotinib-resistant
T790M gatekeeper-mutated cells, which might be overcome
through combinatorial inhibition of EGFR and downstream
PI3K signaling with a direct effect on the clinical evaluation
of these drugs.
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Abstract of the publication 
Despite the successful  introduction of potent anti‐cancer therapeutics, most of these drugs  lead to 
only modest  tumorshrinkage or  transient  responses,  followed by  re‐growth of  tumors. Combining 
different  compounds  has  resulted  in  enhanced  tumor  control  and  prolonged  survival.  However, 
methods  querying  the  efficacy  of  such  combinations  have  been  hampered  by  limited  scalability, 
analytical  resolution,  statistical  feasibility,  or  a  combination  thereof.  We  have  developed  a 
theoretical  framework  modeling  cellular  viability  as  a  stochastic  lifetime  process  to  determine 
synergistic compound combinations from high‐throughput cellular screens. We apply our method to 
data derived  from  chemical perturbations of 65  cancer  cell  lines with  two  inhibitors. Our analysis 
revealed synergy for the combination of both compounds in subsets of cell lines. By contrast, in cell 
lines  in which  inhibition of one of both  targets was sufficient  to  induce cell death, no synergy was 
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experiments that might help define pathway topologies and direct clinical trials. 
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In this project, I contributed significantly to the compound synergy detection model proposed as well 
as  to  the experimental design of  the  screening pipeline  that was  involved  in generating all of  the 
data. The key step here was to develop a system that is both scalable in size and permits generation 
of accurate and reproducible data. Moreover,  I have analyzed  the single compound screening data 
(shown  in figure 2) and applied the model described to screening data were both compounds from 
figure 2 were  combined.  Finally,  I prepared  Figure 3  as  seen  in  the manuscript  and was  centrally 
involved in the process of manuscript preparation prior to submitting it to PLoSOne.  
 
Unpublished data related to this manuscript 
In parallel to the establishment of the model published  in this manuscript,  I also performed a  large 
high‐throughput cell‐based inhibitor screen. The screen aims to answer four questions.  
Firstly, how do  cancer  cells utilize  the MAPK and PI3K pathways? Secondly, are  there  crossings at 
certain  signaling  nodes  between  these  pathways?  Thirdly,  does  combined  inhibition  of  both 
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Concluding remarks 
In a previous study our group has already shown the benefit of combined PI3K and MAPK pathway 
inhibition.  In  this  study,  we  developed  a mathematical model  that would  allow  us  to  utilize  our 
already  established  cell  based  screening  platform  to  systematically  screen  for  small  molecule 
inhibitor combinations. In addition we show that our model is in accordance to other mathematical 
models describing biological synergy, but also specialized to handle high‐throughput screening data.  
We furthermore show that our synergy detection model can be used to identify cell lines where dual 
PI3K and EGFR inhibition has a synergistic effect.  
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Introduction
The vision of personalized cancer medicine has recently become
an achievable goal through the development of novel cancer
therapeutics and the link of their efficacy to somatic genetic
aberrations (or, ‘‘lesions’’). Prominent examples are ERBB2-
amplified breast cancers [1] that respond to ERBB2 inhibition,
BCR-ABL-translocated chronic myeloid leukemia patients that
can be successfully treated with the ABL kinase inhibitor imatinib
[2,3], or EGFR-mutant non-small cell lung cancers (NSCLC) that
are sensitive to treatment with the EGFR inhibitors erlotinib and
gefitinib [4]. However, the enthusiasm about this success has been
dampened by limited tumor shrinkage in most patients and the
occurrence of relapse after an initial response [5,6,7,8,9,10].
The concept of simultaneous targeting of more than one signaling
pathway or pathway component has been pursued for many years as
a promising strategy to increase treatment efficacy or prevent the
emergence of drug resistance [11,12,13]. In the area of conventional
cytotoxic chemotherapy, only the combination of multiple drugs has
enabled actual cures for leukemia and lymphoma patients [14].
Additional examples include the successful combination of thera-
peutic antibodies and chemotherapy for treatment of lymphomas, as
well as breast and colorectal cancer [15,16]. Finally, combining
specific inhibitors of oncogenic signaling pathways has resulted in
highly synergistic treatment responses in clinically relevant tumor
models [17,18,19]. Thus, systematic approaches to interrogate
synergistic compound combinations and to link these to individual
genetic lesions are required to move these combinations into clinical
trials more rapidly. Another notion supporting the systematic study
of such combination therapies comes from the careful biochemical
dissection of oncogenic signaling pathways: it was shown that most of
these pathways are interconnected by feedback loops [20,21,22].
Thus, simultaneously blocking two or more of such pathways might
lead to activation of the alternate pathway by release of negative
feedback loops. Accordingly, beyond the obvious benefit for drug
discovery, such studies may help defining signaling pathway topology
connected with individual genetic lesions.
Unfortunately, establishing synergistic compound combinations
at greater scale is typically hampered by the necessity to screen
multiple compound concentrations of one compound against
different concentrations of another compound. Furthermore,
many analytical approaches do not consider continued prolifer-
ation of viable cells and do not afford establishing statistically
meaningful representations of screening data across a broad
experimental range.
Several methods for the detection of compound synergy have
been proposed [23,24,25,26]. In summary, the diverse definitions
of synergy and methods for its detection are based on two
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principles: Loewe additivity [27] and Bliss independence [28].
However, a precise methodological derivation of the analytical
procedure and the close adaptation to an experimentally tractable
setup amenable to high-throughput cellular screening have been
lacking so far. We therefore set out to develop both a novel
approach for high-throughput cell-based screening of multiple
compound concentrations and a statistical framework to define
synergy as a probabilistic lifetime process under single and
combined chemical perturbations. We applied this model to
screening data derived from a screen of a panel of genetically and
phenotypically characterized NSCLC cell lines and determined
global genetic settings in which synergy of the irreversible EGFR/
ERBB2 inhibitor BIBW-2992 and a dual PI3K/mTOR inhibitor
PI-103 is most pronounced.
Results
Population-Based Analysis of Cell Viability Measurements
We reasoned that cellular dose response that is commonly used
for cell viability measurements is based on a change of the cellular
growth rate when a given perturbation (in most cases, a chemical
compound) is added in comparison to untreated cells. This
description allows a probabilistic interpretation in terms of a
stochastic waiting-time process. For a given compound concen-
tration x, these ideas lead to the following relationship
v(x)~ exp {lt 1{
1
1z x=Kð Þm
  
ð1Þ
where v is the modeled viability, t is the time at which the
measurement has been carried out, and l, K, m are the model
parameters. Equivalently, the model can be interpreted such that
each cell in the population has an exponentially distributed
lifetime after the treatment. As rate of the exponential distribution
we then obtain l 1{ 1z x=Kð Þmð Þ{1
 
. In case of dual-specificity
inhibitors (i.e., inhibitors inhibiting more than one target),
sensitivity of both targets might be very distinct. It may happen
that one target is already completely inhibited with the lowest
concentration in the screen. To capture this effect, an offset loff ,
loff§0 can be added to the model, leading to the rate
l 1{ 1z x=Kð Þmð Þ{1
 
zloff . Details of the mathematical model
and its derivation are presented in the Supplementary Note S1.
Figure 1A shows the simulated individual lifetime of 1000 cells,
which have been treated with two different compounds.
Compound concentrations increase from the left to the right
panels. Blue and red lines indicate the time of measurement and
data points which are located at the yellow and white area
represent cells which are still viable at the time of measurement
when treated with compound one. Data points falling into the blue
and white areas display viable cells after treatment with compound
two. In case of a non-synergistic and non-antagonistic compound
combinations the lifetime of the cells is given by the smallest
lifetime when treated with either compound (white area).
Translating the idea of ‘‘minimal lifetime’’ into a mathematical
model leads to a product of the two single compound dose
response curves modeled by Eq. (1) as non-synergistic combined
effect (Fig. 1b, blue curve); this concept is compatible with Bliss
independence. A simulation over a relatively small population on
1000 cells revealed that the simulated points closely correspond to
the theoretical curves (Fig. 1b).
With this mathematical model we next sought to distinguish
between synergy and antagonism of compound response curves
derived from high-throughput screening efforts (Fig. 1C). Start-
ing from the high-throughput screening platform dose response
curves from both single compounds as well as their combinations
were determined for a large panel of genetically annotated non-
small cell lung cancer cell lines. Equation (1) is then fitted to the
dose response curve of each single compound screen. This yields
the model parameters l, K, m, from which the curve separating
synergistic from antagonistic compound combinations can be
computed according to Eq. (S10) of the Supplementary Note
S1. For a given compound combination, the difference between
the computed curve and the measurement is then a measure for
synergy or antagonism, respectively. This measure is denoted by
synergy strength. Due to the presence of noise, several different
compound combinations are needed to filter out cell-lines, which
show significant enrichment of synergy strength over different
combinations. To this end, a rank sum approach is used. In order
to account for multiple hypothesis testing the false-discovery rate
(FDR) framework [29] was applied.
Applying the Model for Single Compound Screen of
PI-103 and BIBW-2992
In order to validate the proposed model, Eq. (1), we screened
65 of the 84 non-small cell lung cancer cell lines [9] against the
irreversible EGFR/ERBB2 inhibitor BIBW2992 and the PI3K/
mTOR inhibitor PI-103. We selected 4 out of the 65 cell lines and
fitted the dose response curves to the corresponding data points
(Fig. 2A). We next determined the difference between the
viability predicted by the model and the experimentally deter-
mined values (model residuals). To assess the quality of the model
we computed the median of the residuals over the concentrations
for each compound and cell line (Fig. 2B). For both compounds,
significant outliers are then identified under the assumption that
the medians of the residuals are normally distributed around zero.
Using a 5% level of significance and after correcting for multiple
testing we identified only one outlier: Calu6 screened with PI-103
(FDR q-value = 7.6 10212). However, this outlier can safely be
neglected since it did not distort the following analysis. In
summary, the proposed model fits well to the measured data
and is therefore a suitable basis for the identification of synergistic
compound combinations.
Computing half-maximal-inhibitory concentrations (Eq. (2),
Materials and Methods) for PI-103 and BIBW-2992
(Figure 2C) shows no clear association between the genomic
lesions and the single-agent activity of PI-103 with the used cell
proliferation assay [19]. As expected, in the case of the irreversible
EGFR/ERBB2 inhibitor BIBW-2992, cell lines dependent on
EGFR and ERBB2 signaling (due to the presence of drug-
sensitizing genetic alterations in these genes) are substantially
enriched in the highly sensitive cell lines [30,31].
Application of the Model for Combinational Compound
Screen of PI-103 with BIBW-2992
In order to test the accuracy of our model to detect synergy of
compound combinations we next sought to systematically assess
the viability of cells treated with a combination of the two
compounds. With the EGFR/PI3K signaling cascade being one of
the most frequently mutated pathways in lung cancer, we
speculated that combined inhibition of EGFR- and PI3K/
mTOR-signaling might be effective in our cell line panel of
NSCLC cells. The presence of considerable experimental noise
(Fig. 2B) makes it necessary to test different combinations for the
determination of synergy. Therefore, seven compound dose
combinations of PI-103 and BIBW-2992 were applied for the 65
Analysis of Compound Synergy
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cell lines already used in the single screens. The curve, which
separates synergistic from antagonistic combinations, is computed
from the previously determined fits, which serves as basis for the
synergy strength. We next computed this synergy score and
applied hierarchical clustering to the data matrix of the synergy
strength (Fig. 3A). This analysis revealed two distinct groups,
separating cell lines according to synergistic and antagonistic
behavior. To assess which cell lines in those clusters display a
significantly synergistic or antagonistic response to combined
EGFR-PI3K inhibition, we employed a rank sum-based statistical
test (Fig. 3A). Ranks of synergy strength were computed over all
cell lines but for each measured combination separately and
summed over the seven combinations. Next, a statistical test was
derived to test if high or low ranks were enriched. To correct for
multiple testing all p-values were corrected using the false-
discovery rate approach. Resulting q-values are shown in
Fig. 3A, where the horizontal green line indicates the chosen
5% false-discovery rate cutoff. We identified 11 cell lines, for
which combined PI-103/BIBW-2992 treatment was significantly
synergistic. Our analysis revealed that cell lines harboring either
amplification or a mutation in either EGFR or ERBB2 were not
enriched in the fraction of cell lines responding in synergistic
fashion to the combination of both compounds. These results
suggest that inhibition of ERBB-signaling in these cell lines is
already sufficient to effectively shut down survival signaling.
However, no other significant correlation between synergy
strength and genotype could be observed (Fig. 3A).
To further validate our methodological framework, we
compared our results with synergy predictions based on the
combination index method [12,32,33]. While the combination
index yielded a result in only 66% of the screening data analyzed,
our approach yielded robust synergy scores across the entire data
Figure 1. Overview of the model and method to detect synergistic compound combinations. (A) Model based simulation of the lifetime
of 1000 cells after treatment. The x-axis corresponds to the lifetime after treating cells with compound 1 and the y-axis shows the lifetime after
treatment with compound 2. Concentrations of both compounds are increased by a factor of 10 from left to right. Either the vertical blue line in case
of compound 1 or the horizontal red line for compound 2 indicates time of measurement. Thus, the number of viable cells at measurement is given
by the number of data points on the right side of the blue lines (after treatment with compound 1) or above the red line (in case of compound 2).
Distributions of viable and dead cells are displayed by bars at the upper and right side of each panel. Combining both compounds and assuming that
the combination of both compounds is neither synergistic nor antagonistic yields a certain number of viable cells that is represented by dots in the
white area. This notion reflects the fact that the minimal lifetime between the two compounds (x and y-axis) has to be taken for the combination. (B)
Theoretical dose response curves are shown for the previous example. Data points were computed from results of the simulation shown in (A). Even
for the relatively small population of 1000 cells, the simulated data points and the theoretical curve match. (C) Scheme of the procedure to detect
synergistic and antagonistic compound combinations. Starting from a high-throughput compound screen, the model is fitted to all single-agent
measurements. From the fitted model parameters, curves are computed for each combination separating synergy from antagonism. Measured data
of the combination screen are then compared to the computed curves and finally analyzed using a rank-based statistical test.
doi:10.1371/journal.pone.0008919.g001
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Figure 2. Results obtained from the single-compound screen of PI-103 and BIBW-2992. (A) Kill-curves are exemplarily shown for two
compounds (PI-103 and BIBW-2992) and 4 cell lines. Solid red lines display the fitted model to the measured data shown by black points. (B) Analysis
of the model residuals (i.e., difference between the measurements and the model prediction) for both compounds and each cell line. Shown are the
distributions of the residuals’ medians over the screened concentrations. A statistical test to detect significant outliers reveals that only the cell line
Calu3 when screened against PI-103 is not compatible with the distribution of the median of residuals (FDR q-value = 7.6 10212); highlighted by a red
bar. (C) Profiles of GI50-values for PI-103 and BIBW-2992. GI50-values were computed using the proposed model and sorted according to the
sensitivity of the cell line to the inhibitions: most sensitive cell lines are on the left side and most resistant cell lines are shown on the right side. Colors
symbolize most common genomic alterations in NSCLC. In case of EGFRmut/amp and ERBB2mut/amp a genomic alteration can either be a mutation or a
gene copy number amplification ($4 copies are considered as alteration), for METamp only amplifications are reported, the remaining alterations,
BRAFmut, NRASmut, KRASmut are mutations. For BIBW-2992, asterisks highlight those cell lines, which harbor lesions either in EGFR or ERBB2.
doi:10.1371/journal.pone.0008919.g002
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Figure 3. Exploring synergy and antagonism of the compound combination PI-103 with BIBW-2992. (A) Combinations of PI-103 and
BIBW-2992 were screened for all cell lines and the synergy strength score was computed as difference between measured data and the curve
separating synergy from antagonism. Hierarchical clustering clearly classifies the cell lines into two groups according to the algebraic sign of the
synergy strength score (positive: synergy; negative: antagonism). Results of a rank sum-based statistical test mainly reproduce the results from cluster
analysis. Setting the level of significance to a false discovery rate of 5% (horizontal green line) yields 11 cell lines showing synergy. Finally, the
annotation of 8 frequent genomic aberrations indicates that almost all cell lines harboring genomic alterations in ERBB2 family member do not
benefit from the combination. (B) Shown is the relationship between single-agent GI50-values and synergy. All cell lines showing significant synergy
are highlighted by red symbols. Annotating the cell lines with mutation and copy number status of EGFR and ERBB2 (distinguished by quadratic
symbols and triangles) confirms the previous finding that cell lines harboring alterations in EGFR/ERBB2 do not significantly benefit from the
combination in terms of synergy. (C) Shown are the main signaling network compounds downstream EGFR and ERBB2 as well as the targets of BIBW-
2992 and PI-103. Since the PI3K-mTOR pathway is downstream EGFR/ERBB2, cell lines which depend on EGFR/ERBB2-signaling do not benefit from
the combination.
doi:10.1371/journal.pone.0008919.g003
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set, thereby affording application to high-throughput screens.
However, in the fraction of data that could be analyzed by both
methods, synergistic cell lines determined with our method and the
combination index method largely overlapped (Fig. S1). This is
underscored by a regression analysis between the negative-log-
transformed combination index and the synergy strength score
(Fig. S2), which showed a significant positive correlation
(r2 = 0.45; p,1026). The enhanced robustness of our approach
is largely due to the fact that it takes into account the entire dose
response relationship and is not restricted to the behavior of a
single point (Supplementary Note S1).
The observation that combination treatment is not beneficial in
cell lines with oncogenic alterations in EGFR and ERBB2
indicates that there might be a relationship between activity of
the individual compounds and synergy. In order to demonstrate
such a relationship, we plotted the GI50-values of PI-103 against
those of BIBW-2992 and labeled all data points of cell lines with
genetic aberrations in the EGFR/ERBB2 receptor tyrosine kinases
(Fig. 3B). This analysis recapitulated the previous findings that
cell lines, which are primarily dependent on EGFR/ERBB2
signaling (GI50,0.1 mM), do not benefit from the combination of
ERBB/PI3K-pathway inhibition. Remarkably, our findings are in
line with the general topology of the signaling pathways
downstream of EGFR and ERBB2 (Fig. 3C). Since oncogenically
activated EGFR and ERBB2 receptors preferentially signal
through the PI3K pathway [19] combined blockade of those
pathways is not expected to be synergistic for cells depending on
EGFR or ERBB2. In other words, potent inhibition of strong
oncogenic signals upstream is already sufficient to induce apoptosis,
independent of the inhibition of further components downstream
(Fig. 3C). The same seems to be valid for three cell lines with the
lowest PI-103 GI50-values. However, dependency on PI3K-
mTOR signaling was generally less pronounced (expressed by
higher GI50-values) which might be a result of alternative
pathways upstream PI3K such as the mitogen-activated protein
kinase (MAPK) and feedback loops connecting the two pathways
[19]. However, synergistic combinations clustered around a GI50-
value of 1mM for PI-103. We therefore speculate that a supra-
threshold activity of PI3K inhibition is needed to obtain synergy.
In order to provide a deeper characterization of the genotypes,
we extended the previously used genetic annotation with
significant copy number aberrations computed by GISTIC [34].
A complete list of all identified copy number aberrations and the
mutation status of 7 genes is given for the cell lines showing
synergistic behavior in Table S1. Similar to the analysis done in
[9], we performed a k-nearest-neighbor prediction on this data set
and found no significant predictor of synergy (Table S2). The
inability to predict synergy from genetic lesions is probably
hampered by the necessity to restrict the analysis to recurring and
highly focal copy number lesions as identified by GISTIC and the
focus on the most frequent gene mutations in NSCLC.
Discussion
Starting from general considerations about cell viability
measurements, we derived a model for inferring cell survival
curves from high-throughput cell-based screening data [35]. This
model laid the basis for detection of synergy strength of compound
combinations. Here, the central assumption is that the median-
effect equation [12,32,33] is coupled linearly to a cell-killing rate
under treatment. Validation of the model in a panel of 65 lung
cancer cell lines perturbed using PI3K and EGFR/ERBB2
signaling pathway inhibitors revealed general rules of the signaling
pathway topology downstream of genetically altered EGFR and
ERBB2 kinases. Thus, our approach affords analysis of synergy of
compound combinations in high-throughput cell-based screens in
scalable fashion.
Other approaches involving the network structure of complex
biological systems have been proposed [24,35]. Our model has the
advantage of permitting systematic statistical analyses of synergy
employing generic laboratory cellular screening experiments
involving a vast array of genetic cellular backgrounds. Another
major advantage of our model is its stochastic nature describing
the lifetime of cells under treatment. This allows a rigorous
derivation of a synergy score when cells are treated with a
combination of compounds. In fact, we confirmed Bliss indepen-
dence [28] based on this computation but within a solid theoretical
framework.
As application of the proposed analytical framework, we applied
the method to single and combined screens of the PI3K inhibitor,
PI-103 and the EGFR/ERBB2 inhibitor, BIBW-2992. Our model
captured previous findings that genetic alterations in EGFR are
predicting sensitivity of EGFR inhibitors [4,36,37]. Analysis of
synergy between PI-103 and BIBW-2992 revealed that cell lines
dependent on EGFR/ERBB2-signaling do not benefit from the
combination (Fig. 3A, B), which is in line with the network
topology suggesting a preferential linear downstream engagement
of PI3K signaling downstream of oncogenically activated receptor
tyrosine kinases [7,19]. Previous work carried out in transgenic
EGFR and ERBB2-mutant mice showed substantial tumor
regression when mice were treated with a combination of
BIBW-2992 and rapamycin targeting mTOR (or more specifically
TORC1) [30,31]. However, both transgenic alleles in these studies
impair binding of quinazoline-based EGFR inhibitors, thus
resulting in inefficient target inhibition [38]. Thus, adding
downstream inhibition in the setting of incomplete upstream
target inhibition can result in synergy, even though the pathway
itself is linear (Fig. 3C). Here, crosstalk or an upstream branching
into other signaling components can mediate such an effect. In our
study, signaling through the MAPK pathway might substantially
contribute to synergy since there are numerous interconnections
between MAPK and PI3K signaling pathways.
In summary, we introduced a new methodological framework to
detect synergy of compound combinations across a large panel
of cancer cell lines. The analysis of a first combination screen
supported a view of a mostly linear signaling pathway topology
downstream of oncogenically activated EGFR/ERBB2 kinases
[19]. Thus, beyond enabling high-throughput analyses of com-
pound combinations, our approach affords general insights into
pathway functionality and pathway interrelations.
Materials and Methods
Cells
The used cell line collection was previously described in [9].
Cells were routinely controlled for infection with mycoplasm by
MycoAlert (www.cambrex.com) and were treated with antibiotics
according to a previously published protocol [39] in case of infection.
Cell-Based Screening
All compounds were purchased from commercial suppliers or
synthesized in house, dissolved in DMSO and stored at 280uC.
Cells were plated into sterile microtiter plates using a Multidrop
instrument (http://www.thermo.com) and cultured overnight.
Compounds were then added in serial dilutions. Cellular viability
was determined after 96h by measuring cellular ATP content using
the CellTiter-Glo assay (www.promega.com). Plates were measured
on a Mithras LB940 plate reader (www.bertholdtech.com).
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Copy Number Analysis
Genomic DNA was extracted from cell lines using the
PureGene kit (www.gentra.com) and hybridized to high-density
oligonucleotide arrays (Affymetrix, Santa Clara, CA) interrogating
238,000 SNP loci on all chromosomes except Y, with a median
intermarker distance of 5.2 kb (mean 12.2 kb; http://www.
affymetrix.com). Array experiments were performed according to
manufacturer’s instructions. SNPs were genotyped by the
Affymetrix Genotyping Tools Version 2.0 software. We applied
GISTIC [34] to analyze the data set. The GISTIC algorithm was
run using a copy number threshold of 4 in case of amplifications
and 1 for deletons. To ensure compatibility of the copy number
data with mutation data we dichotomized copy numbers with the
following thresholds: 4 for amplifications and 1 for deletions.
Model Based Computation of GI50-Values
Applying the half-maximal-inhibitory concentration concept
(‘‘GI50-values’’) we set the viability to 50% in Eq. (1); followed by a
few algebraic rearrangements yields the model-based computation
of the GI50-values:
GI50~K
log (2)
lt{ log (2)
 1
m
if ltw log (3): ð2Þ
Positivity of the GI50-values is guaranteed by the condition in
Eq. (2). If this condition is not satisfied, no GI50-value exists, i.e.,
the on-target inhibition is to weak to kill enough cells such that a
viability of 50% can be reached.
Data Analysis and Statistics
The model of single-agent kill curves, Eq. (1), are fitted to data.
To this end, a maximum likelihood approach is employed to
estimate the model parameters l, K, m. This requires non-linear
optimization; we chose the Levenberg-Marquardt method for this
optimization [40,41]. P-values where corrected for multiple testing
using the false-discovery-rate approach [29]. The p-value
adjustment as well as the cluster analysis was carried out in R
version 2.7.1 (http://www.R-project.org).
Rank Sum Rest
We decided to employ a rank sum based approach to provide a
statistical measure for synergy. This approach has the advantage that
it also takes prevalence across different cell lines into account and
does not purely rely on the synergy strength. This is an important
and therapeutically relevant property of the statistical test.
Let us consider the synergy strength measure: Sij~Vij{v0ij ,
where Vij is the measured viability for the combination i [ f1,ncg
and cell line j [ f1,nlg. The computed curve separating synergy
from antagonism, given by the product of both single compound
dose response curves (Eq. (S10), Supplementary Note S1), is
denoted by v0ij . Ranks are computed over all cell lines j but for
each combination i separately; resulting in the rank matrix Rij .
Utilizing that the ranks are uniformly distributed leads to the
following variance of the ranks across the cell lines:
s2i~
n2l{1
12
:
Moreover, under the null-hypothesis that there is no association
between the ranks of each combination, the variance of the rank
sum
Pnc
i~1
Rij is
s2~
Xnc
i~1
s2i~
nc(n
2
l{1)
12
: ð3Þ
Relating the rank sum to the median is not useful in our case. If,
e.g., Sij is negative for all i and j (i.e., there is no sample showing
synergistic behavior), a median centered rank sum test would
assign a few samples as being synergistic. To derive the test
statistics, which corrects for such an effect, we relate the rank sum
to the rank where the synergy score Sij changes its sign. To this
end, we compute for each concentration i the rank that has the
lowest absolute synergy score
mi~Rik where k~ argmin
1ƒjƒnl
jSij j:
Finally, the rank sum statistics we propose to test for synergy is
given by
RSj~s
{1
Xnc
i~1
Rij{mi
 
~
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
12
nc(n
2
l{1)
s Xnc
i~1
Rij{mi
 
: ð4Þ
Under the null-hypothesis that there is no association between
the ranks of different concentrations and that the synergy score
fluctuates around zero, the distribution of RSj can be approx-
imated by a standard normal distribution. This approximation is
asymptotically (j??) correct and used in our analysis.
Supporting Information
Supplementary Note S1 Analysis of compound synergy in
high-throughput cellular screens by population-based lifetime
modeling.
Found at: doi:10.1371/journal.pone.0008919.s001 (0.08 MB
PDF)
Figure S1 Comparison between the combination index method
and the method we propose. Shown is the clustered matrix of the
synergy strength measure, as in Fig. 3A, together with the
combination index. Significantly synergistic cell lines which where
detected with our method are highlighted by red bars. Missing
bars indicate that for those cell lines the computation of the
combination index was not possible.
Found at: doi:10.1371/journal.pone.0008919.s002 (0.69 MB
PDF)
Figure S2 Correlation analysis between both methods. To adapt
the scale of both measures, we performed a transformation of the
combination index using the negative logarithm. The regression
line is displayed by the straight red line. Moreover, we found a
significant positive correlation (r2 = 0.45; p,1026), which confirms
that both methods follow the same trend.
Found at: doi:10.1371/journal.pone.0008919.s003 (0.12 MB
PDF)
Table S1 Genomic annotation of all 11 cell lines showing
synergistic behavior. Significant copy number regions were
identified using GISTIC. To assure comparability with mutation
data, copy numbers were dichotomized with the following
thresholds: 4 in case of amplifications and 1 for deletions.
Found at: doi:10.1371/journal.pone.0008919.s004 (0.03 MB
PDF)
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Table S2 Multi-lesion predictor of synergy tested with the KNN
method, Fishers exact test and t-test are displayed; here, only p-
values smaller than 5% are shown. The Youden-Index (i.e.,
sensitivity+specificity-1) of zero indicates that the result has no
predictive power.
Found at: doi:10.1371/journal.pone.0008919.s005 (0.02 MB
PDF)
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Abstract of the publication 
Lung  cancer  remains  one  of  the  leading  causes  of  cancer‐related  death  in  developed  countries. 
Although lung adenocarcinomas with EGFR mutations or EML4‐ALK fusions respond to treatment by 
epidermal  growth  factor  receptor  (EGFR)  and  anaplastic  lymphoma  kinase  (ALK)  inhibition, 
respectively,  squamous  cell  lung  cancer  currently  lacks  therapeutically  exploitable  genetic 
alterations. We  conducted  a  systematic  search  in  a  set of  232  lung  cancer  specimens  for  genetic 
alterations  that  were  therapeutically  amenable  and  then  performed  high‐resolution  gene  copy 
number  analyses.  We  identified  frequent  and  focal  fibroblast  growth  factor  receptor  1  (FGFR1) 
amplification in squamous cell lung cancer (n = 155), but not  in other lung cancer subtypes, and, by 
fluorescence in situ hybridization, confirmed the presence of FGFR1 amplifications in an independent 
cohort of squamous cell lung cancer samples (22% of cases). Using cellbased screening with the FGFR 
inhibitor  PD173074  in  a  large  (n  =  83) panel of  lung  cancer  cell  lines, we demonstrated  that  this 
compound  inhibited  growth  and  induced  apoptosis  specifically  in  those  lung  cancer  cells  carrying 
amplified  FGFR1.  We  validated  the  FGFR1  dependence  of  FGFR1‐amplified  cell  lines  by  FGFR1 
knockdown  and  by  ectopic  expression  of  an  FGFR1‐resistant  allele  (FGFR1V561M), which  rescued 
FGFR1‐amplified  cells  from  PD173074‐mediated  cytotoxicity.  Finally, we  showed  that  inhibition of 
FGFR1  with  a  small  molecule  led  to  significant  tumor  shrinkage  in  vivo.  Thus,  focal  FGFR1 
amplification  is  common  in  squamous  cell  lung  cancer  and  associated  with  tumor  growth  and 
survival, suggesting that FGFR inhibitors may be a viable therapeutic option in this cohort of patients. 
 
Own contributions 
I  led  the  functional  cell biology part of  this discovery, while  the genetic discovery part was  led by 
other scientists in the laboratory. My scientific responsibilities included the screening of the cell lines, 
the analysis of compound effects on cells bearing the amplification, the signaling associated with the 
amplification and the validation of the relevant target of the compound using chemical genetics and 
RNA interference. Specifically, I screened half of the cell lines shown in figure 2A against PD173074, 
an inhibitor of the Fibroblast Growth Factor Receptor Family (FGFRs). I further analyzed the screening 
data and  found, by  integrating  chromosomal gene  copy number data of  the  cell  lines,  that FGFR1 
amplification was  the only predictor  for  sensitivity  towards  PD173074.  Furthermore,  I  screened  a 
subpanel of cell lines for induction of apoptosis in the presence of PD173074. I could show that the 
same cell  lines, that were sensitive  in  the  initial screen, also exhibited a significantly higher rate of 
apoptosis.  This  data  directly  led  to  figure  2C.  I  also  performed western  blot  analysis  of  signaling 
events after  treatment with different dosages of PD173074  in  the FGFR1 amplified cell  lines H520 
and H1581 and the EGFR mutated cell  line HCC827. Phosphorylation of FGFR1, FRS2a, Akt, ERK and 
S6K protein was assessed and revealed that FGFR1 signals via the MAPK but not the PI3K pathway. 
This  data  directly  led  to  figure  2E.  In  addition,  I  confirmed  that  FGFR1  is  the  critical  target  of 
PD173074  in  FGFR1  amplified  cells.  Therefore  I  mutated  the  cDNA  sequence  of  FGFR1  by  SDM, 
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leading  to  a  change  in  the  aminoacid  sequence  from  a  valin  into  a methionine  on  position  561. 
Analog  to  the T341M mutation  in cSRC,  this mutation abrogates  the binding of PD173074  into  the 
ATP binding pocket of FGFR1. I expressed both, wildtype and mutated FGFR1 in the FGFR1‐amplified 
cell  line H1581, treated both with PD173074 and monitored the resulting phenotype. Expression of 
mutated FGFR1, but not wildtype FGFR1 was able to rescue the PD173074 induced phenotype. This 
experiment directly led to figure 3A. Finally, I packaged lentiviral particles containing either no insert 
or a  shRNA  targeting  the mRNA of FGFR1.    I  transduced H1581  cell with both particles and  could 
show that knockdown of FGFR1 reproduced the phenotype induced by PD173074. This observations 
lead to figure 3B.  
I was centrally involved in writing of the manuscript. I prepared all figures that I had produced data 
for and I was centrally involved in the editing process until final acceptance of the paper. 
For the supplement, I produced the data for supplementary Figure 3, were I could show that FGFR1 
amplification also  leads  to a higher amount of  FGFR1 protein  as assessed by westernblotting.  For 
supplementary  figure  4A,  I  determined  the  amount  of  Fibroblast  Growth  Factor  2  (FGF2)  in  cell 
cultures starved for 24 hours.   No significant amount of FGF2 could be observed  in the supernatant 
of  FGFR1  amplified  cells,  indicating  that  FGFR1  signaling  is  not  dependent  on  external  FGFs.  For 
supplementary  figure 4B,  I  analyzed  the  level of phosphorylation of  FGFR1  in  cells  that had been 
cultured  in medium  that contained either no  serum, 10%FCS, 50ng/ml FGF2 or FGF9 and 50ng/ml 
FGF2+ PD173074 (1µM). In H1581 cells, FGFR1 was phosphorylated even in the absence of serum but 
could  be  boosted  by  addition  of  FGF2  or  9.  For  supplementary  figure  5,  I  performed  co‐
immunoprecipitation to determine the specificity of phospho FGFR antibody used  in the study. For 
supplementary  figure 7,  I packaged 5 different  shRNA  constructs  targeting  the mRNA encoded by 
either  WHSC1L1  or  FLJ4358  (two  genes  in  close  proximity  to  FGFR1)  in  lentiviral  particles  and 
transduced H1581 cells. Following Puromycin selection, I accessed cell number and could show that 
knockdown of either gene had no severe effect on the cells. Together, these results confirmed the 
results from the chemical‐genetic experiments that, namely, FGFR1  is the relevant gene residing  in 
the 8p amplification. 
 
Unpublished data 
In addition to the data published, I screened breast cancer cell lines harboring FGFR1 amplifications 
as well as cancer cell lines that harbor FGF3, 4 and 19 amplifications for sensitivity against PD173074. 
However, none of the FGF3, 4, 19 amplified cells and only one of the FGFR1‐amplified breast cancer 
cell line (HCC1599) was sensitive towards PD173074. I also determined the transformation ability of 
wildtype and mutated FGFR1  in NIH3T3 and Ba/F3 cell  line systems. While V561M mutated FGFR1 
could transform both cell types, over‐expression of FGFR1 wildtype did not.  Together, these results 
suggest  that  the genomic  structure of  the amplification differs between breast and  squamous‐cell 
lung cancer. These findings are in line with the data obtained by two pharmaceutical companies that 
work with us  in the area of FGFR  inhibition. They also found a mixed sensitivity of FGFR1‐amplified 
breast  cancers  to FGFR  inhibition. Furthermore, our preliminary  transformation experiments  show 
that  FGFR1  amplifications  are  necessary  but  not  sufficient  for  transformation  in  the  tumor  cells 
bearing the amplification. 
 
Concluding remarks 
In  this  study, we  identify FGFR1 amplification as being predictive  for FGFR1  inhibitor  sensitivity  in 
FGFR1  amplified  tumor  cells.  Furthermore,  we  investigated  primary  lung  tumor  samples  and 
identified  FGFR1  amplifications  in  up  to  20%  of  primary  samples  only  in  squamous  cell  lung 
carcinomas. Of note, we could not find any significant amplification  in one of the other histological 
subtypes of primary lung tumor samples. Moreover, we confirmed FGFR1 as being the target of FGFR 
inhibitors  in  FGFR1  amplified  tumor  cells.  These  results  clearly  demonstrate  the  need  to  screen 
patients  suffering  from  squamous  cell  carcinomas  for  FGFR1  amplification  and  treat  these 
subsequently with FGFR  inhibitors. In fact, based on our results, several studies have been  initiated 
worldwide that assess the efficacy of FGFR inhibitors specifically in FGFR1‐amplified lung cancer. One 
of the trials is a first‐in‐man trial conducted at the University of Cologne.  
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LUNG CANCER
Frequent and Focal FGFR1 Amplification Associates with
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Lung cancer remains one of the leading causes of cancer-related death in developed countries. Although lung adeno-
carcinomas with EGFR mutations or EML4-ALK fusions respond to treatment by epidermal growth factor receptor
(EGFR) and anaplastic lymphoma kinase (ALK) inhibition, respectively, squamous cell lung cancer currently lacks ther-
apeutically exploitable genetic alterations. We conducted a systematic search in a set of 232 lung cancer specimens for
genetic alterations that were therapeutically amenable and then performed high-resolution gene copy number analy-
ses. We identified frequent and focal fibroblast growth factor receptor 1 (FGFR1) amplification in squamous cell lung
cancer (n = 155), but not in other lung cancer subtypes, and, by fluorescence in situ hybridization, confirmed the pres-
ence of FGFR1 amplifications in an independent cohort of squamous cell lung cancer samples (22%of cases). Using cell-
based screening with the FGFR inhibitor PD173074 in a large (n = 83) panel of lung cancer cell lines, we demonstrated
that this compound inhibited growth and induced apoptosis specifically in those lung cancer cells carrying amplified
FGFR1. We validated the FGFR1 dependence of FGFR1-amplified cell lines by FGFR1 knockdown and by ectopic expres-
sion of an FGFR1-resistant allele (FGFR1V561M), which rescued FGFR1-amplified cells from PD173074-mediated cyto-
toxicity. Finally, we showed that inhibition of FGFR1 with a small molecule led to significant tumor shrinkage
in vivo. Thus, focal FGFR1 amplification is common in squamous cell lung cancer and associated with tumor growth
and survival, suggesting that FGFR inhibitors may be a viable therapeutic option in this cohort of patients.
INTRODUCTION
Oncogenic protein kinases are frequently implicated as potential targets
for cancer treatment. For examples, the ERBB2 amplification in breast
cancer is associatedwith clinical response to antibodies targeting ERBB2
(1), and KIT or PDGFRA (platelet-derived growth factor receptor A)
mutations in gastrointestinal stromal tumors lead to sensitivity to the
KIT/ABL/PDGFR inhibitor imatinib (2). In lung adenocarcinoma, pa-
tients with EGFR-mutant tumors (3–5) experience tumor shrinkage
and prolonged progression-free survival when treated with epidermal
growth factor receptor (EGFR) inhibitors (6). Furthermore, EML4-
ALK gene fusion–positive lung cancers can be effectively treated with
anaplastic lymphoma kinase (ALK) inhibitors (7, 8).
However, these alterations almost exclusively occur in the rare
adenocarcinomas of patients who never smoked, but are uncommon
in squamous cell lung cancer, which is almost invariably associatedwith
smoking (9). Although previous studies have reported recurrent genetic
alterations in squamous cell lung cancer (10), no therapeutically tract-
able targets have so far been identified. Thus, therapeutic options for
squamous cell lung cancer patients remain scarce, because molecularly
targeted drugs such as erlotinib, gefitinib, pemetrexed, and cetuximab are
either poorly active (6, 11) or contraindicated (for example, bevacizumab)
(12). These observations emphasize the need for new “druggable” targets
in squamous cell lung cancer patients.
RESULTS
To identify therapeutically relevant genome alterations in squamous cell
lung cancer, we analyzed 155 primary squamous cell lung cancer speci-
mens using Affymetrix 6.0 SNP (single-nucleotide polymorphism)
arrays, which yielded high-resolution genomic profiles (median inter-
marker distance <1 kb). To separate driver lesions from random noise,
we applied the GISTIC algorithm (13, 14). We identified 25 significant
amplification peaks, including the previously described amplification of
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SOX2 on chromosome 3q26.33 (Fig. 1A and table S1) (10) and 26 sig-
nificant deletions (fig. S1 and table S1). The second most significant
amplification (q=8.82× 10−28) peakwas identified on 8p12 and included
FGFR1 (fibroblast growth factor receptor 1) as well as FLJ43582 in each
amplified sample (Fig. 1A). This region spanned 133 kb (table S1) and
was amplified at high amplitude (four or more copies) in 15 of 155
(9.7%) squamous cell lung cancer specimens (Fig. 1A). Notably, 11
of the tumors with FGFR1 amplification were from smokers, whereas
none of thesewere frompatientswhohadnever smoked (table S2). Ten
of the 15 tumors with amplified amounts of FGFR1 also harbored a
mutation in TP53 (table S2). Moreover, patients who had tumors with
FGFR1 amplification [copy number > 9 in fluorescence in situ hybrid-
ization (FISH) analysis] had a nonsignificant trend toward inferior sur-
vival compared to patients whose tumors lacked FGFR1 amplifications
(copy number = 2 in FISH analysis) (fig. S2). We next analyzed copy
number alterations in lung adenocarcinoma specimens (n = 77) and
found no significant (q > 0.25) amplification (four or more copies; 1.3%)
at 8p12 (Fig. 1B).
Finally, we analyzed a publicly available lung cancer SNP array data
set (14) for the presence of FGFR1 amplifications (four or more copies);
FGFR1 was amplified in 6 of 581 (1%) nonsquamous cell lung cancers
(Fig. 1C). Thus, FGFR1 amplification is significantly enriched in squa-
mous cell lung cancerwhen compared to our own adenocarcinomadata
set (P = 0.03) (table S3) and when compared to a published data set of
nonsquamous cell lung cancer (P < 0.0001) (Fig. 1C). FISH using an
8p12-specific probe on an independent set of 153 squamous cell lung
cancers confirmed the presence of frequent high-level amplification of
FGFR1 in 34 of 153 (22%) patients (Fig. 1D and table S4), 27 of whom
were current smokers and none of whom were nonsmokers. We note
that FISH is not sensitive to the admixture of nontumoral cells; thus,
focal amplification of FGFR1 is likely to be more frequent in squamous
cell lung cancer than as estimated by SNP arrays (table S4) (15).We also
sequenced the FGFR1 gene in 94 squamous cell lung cancers and 94
adenocarcinomas and found one mutation (FGFR1P578H) in the ade-
nocarcinoma cohort, indicating that FGFR1mutations might play only
a minor role and might not drive alterations in the pathogenesis of
lung cancer (16).
Next, we performed high-throughput cell line screening (17, 18)
to determine the activity of the non–isoform-specific FGFR inhibitor
PD173074 (19) in a collection of 83 lung cancer cell lines (table S5)
(17, 20). Of all cell lines tested, four had a half-maximal growth-inhibitory
concentration (GI50 values) below 1.0 mM (Fig. 2A); remarkably, three
of the four sensitive lung cancer cell lines exhibited focal amplification at
8p12 by 6.0 SNP array analysis (Fig. 2B), suggesting that FGFR1 ampli-
fications are significantly (P = 0.0002) associated with FGFR inhibitor
activity (Fig. 2A). As expected, FGFR1-amplified cells expressed higher
amounts of total FGFR1 protein (fig. S3). One (H520) of the three
FGFR1-amplified cell lines that were sensitive to PD173074was derived
from a squamous cell lung cancer patient (table S5). We next tested
whether amplification of FGFR1 could be linked with sensitivity to
FGFR inhibition in an unbiased fashion. Application of a K-nearest
neighbor–based analysis, followed by leave-one-out cross-validation
(17), revealed FGFR1 amplification to be the only genetic predictor of
PD173074 sensitivity that retained significance following Bonferroni-
based multiple testing correction (P < 0.05; table S6). Previous studies
indicated that expression of FGFR ligands might contribute to the sen-
sitivity to FGFR inhibitors in lung cancer (21). We did not observe
elevated amounts of FGF2 in the FGFR1-amplified cell lines (fig. S4A),
nor did we observe a difference in the expression of FGFR ligands be-
tween patients harboring FGFR1 amplification and those without
FGFR1 amplification (fig. S4B).However,FGFR1-amplified cells showed
robust phosphorylation of FGFR, suggesting ligand-independent acti-
vation, which was further enhanced upon addition of exogenous FGF2
or FGF9 (fig. S4C), compatible with paracrine activation of FGFR1 in
FGFR1-amplified cells. We next measured induction of apoptosis in
FGFR1-amplified cells after treatment with PD173074 and found a sig-
nificant (P= 0.008) enrichment of FGFR1-amplified lung cancer cells in
the group of sensitive cells (Fig. 2C and table S7). Furthermore, FGFR
inhibition led to decreased colony formation of FGFR1-amplified but
not of EGFR-mutant cells in soft agar (Fig. 2D), further enforcing the
notion that amplification of FGFR1 drives proliferation of these lung
cancer cell lines. Treatment with PD173074 reduced the amounts of
phosphorylated FGFR1 (fig. S5) and of the adaptor molecule FRS2 in
a dose-dependentmanner only in FGFR1-amplified cells, but not in the
EGFR-mutant cell line HCC827 (Fig. 2E). We also observed inhibition
of phosphorylation of extracellular signal–regulated kinase (ERK) but
not of AKT and S6, indicating that themitogen-activated protein kinase
(MAPK)pathway, andnot the phosphatidylinositol 3-kinase (PI3K) path-
way, is themajor signaling pathway engaged by amplified FGFR1 (Fig. 2E).
To validate FGFR1 as the critical target of PD173074 in FGFR1-
amplified lung cancer cells, we ectopically expressed the V561M
mutation (22) at the gatekeeper position of FGFR1 (FGFR1V561M),
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preventing access of the compound to the
hinge region of the kinase (23) (fig. S6).
Expression of FGFR1V561M in FGFR1-
amplified lung cancer cells abolished
PD173074-mediated cytotoxicity and de-
phosphorylation of FGFR (Fig. 3A),
consistent with the notion that FGFR1 is
the critical target of PD173074 in FGFR1-
amplified lung cancer cells. Furthermore,
in a panel of 105 biochemically screened
kinases, FGFR1was one of only two kinases
strongly inhibited by PD173074 (table
S8), recapitulating previous studies (22).
The high analytical resolution of the
6.0 SNP arrays, together with the large
size of our data set, limited the number
of candidate genes in the 8p12 amplicon
to only two genes, FGFR1 and FLJ43582.
A previous study analyzing the 8p12 locus
in lung cancer applying lower-resolution
techniques suggested WHSC1L1 to be
the relevant oncogene in the 8p12 ampli-
con (24). To test whether genes other
than FGFR1 drive tumorigenesis in the
8p12-amplified tumors, we silenced the
genesWHSC1L1 (24) and FLJ43582 using
five different short hairpin RNA (shRNA)
constructs in the 8p12-amplified lung
cancer cell lineH1581. Although silencing
of either one of these genes did not inhibit
cellular viability (fig. S7), silencing of
FGFR1 strongly reduced the viability of
the FGFR1-amplified lung cancer cells
(Fig. 3B). In light of the focality of the
8p12 amplicon (including FGFR1 and
FLJ43582) and the lack of effect of shRNA-
mediated knockdown of either FLJ43582
or WHSC1L1 in FGFR1-amplified cells,
our data suggest that FGFR1 is the rele-
vant target in these cells. Notably, the cell
line H1703, which bears a copy number
gain at 8p12 and that had been reported
to depend onWHSC1L1 (24), was not sen-
sitive to FGFR inhibition (fig. S8). By con-
trast, H1703 cells depend on PDGFRA
for their survival (25) because of amplifi-
cation (copynumber>2.8)of thegeneencod-
ing this kinase (26,27).Thus, our data suggest
that the gene targeted by the 8p12 amplicon
is primarily FGFR1 and its amplification
induces FGFR1 dependency.
Finally, treatment with PD173074
(100 mg/kg, twice a day) resulted in tu-
mor shrinkage in mice engrafted with
FGFR1-amplified cells (Fig. 3C). This re-
duction in tumor size was paralleled by
reduction in the amounts of phospho-
ERK but not of phospho-AKT in immu-
Fig. 1. FGFR1 is amplified in squamous cell lung cancer (SQLC). (A) Left panel: Significant (14) [FDR
(false discovery rate) value; x axis] amplifications across all chromosomes (y axis) in SQLC (n = 155)
as assessed by GISTIC. Right panel: Copy number alterations (blue, deletion; white, copy number–
neutral; red, amplification) at chromosome 8 (y axis) across all SQLC samples (x axis). Samples are
ordered according to focal amplification of FGFR1. (B) Significant (G score; y axis) copy number
changes in adenocarcinoma (AC; n = 77) (black line) and SQLC (red dotted line) at chromosome 8.
The q value for the presence of 8p12 amplification is 8.82 × 10−28 for SQLC and greater than 0.25 for
adenocarcinoma. The chromosomal positions of FGFR1 (8p12) and MYC are highlighted (black ar-
rows). (C) Frequency of FGFR1 amplification (% of samples ≥ copy number 4; y axis) in non-SQLC from
a published data set (14), adenocarcinoma, and SQLC. P values indicate statistical significance. (D) FISH
analysis (green, control; red, FGFR1) of 153 SQLC samples (FGFR1-HA: copy number >9; FGFR1-LA: copy
number >2 and <9; FGFR1-N: copy number 2). Presented are example images from the three different
FGFR1 amplification groups.
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nohistochemical analyses of explanted tumors, validating our in vitro
findings that MAPK signaling is the key pathway engaged by ampli-
fied FGFR1 (fig. S9A). Treatment at 50 mg/kg twice a day resulted in
only a minimal exposure when compared to the gavage of 100 mg/kg
twice a day because of the short half-life of the compound in vivo
(fig. S9B). Thus, although we cannot formally exclude inhibitory effects
on VEGFR2 (vascular endothelial growth factor receptor 2), the ob-
served tumor regression is likely to bemediated by inhibition of FGFR1.
In contrast, xenografted EGFR-mutant H1975 cells did not show signs
of regression upon PD173074 treatment (fig. S9C). Thus, FGFR1
amplification leads to FGFR1 dependency in vivo.
DISCUSSION
Here, we have identified frequent high-level amplification of FGFR1 in
squamous cell lung cancer of smokers; this amplification sensitizes the
tumors to FGFR1 inhibition. Previous studies in lung cancer cohorts of
mixed subtypes and low technological resolution (24, 28) or small size
(10) have reported occasional amplification of the 8p locus in lung
cancer. However, the large size of our sample set was necessary to reveal
the high prevalence of this amplicon in squamous cell lung cancer
(~10%) in comparison to other lung cancer subtypes (1%). Given the
insensitivity of FISH analyses to admixture of nontumoral cells, the true
prevalence of this amplification is likely to still be substantively under-
estimated by SNP arrays and to be up to 20%.We conclude that FGFR1
amplification is one of the hallmark alterations in squamous cell lung
cancer, similar to amplification of SOX2. These two alterations were al-
most completely mutually exclusive (table S9), suggesting an epistatic
Fig. 2. FGFR1 amplifications are associated with FGFR inhibitor activity. (A)
GI50 values (y axis) of PD173074 across 83 lung cancer cell lines (x axis).
FGFR1-amplified (copy number ≥4) cell lines are marked with asterisks. (B)
Copy number alterations (x axis; blue, deletion; white, copy number 2; red,
amplification) on chromosome 8 with a zoom in on 8p12 (FGFR1 locus is
highlighted) across all cell lines (y axis). (C) Induction of apoptosis (difference
between PD173074 at 1 mM and DMSO control after 72 hours; y axis) across
24 cell lines (x axis; asterisks denote FGFR1 amplification copy number ≥4)
as measured by flow cytometry (after annexin V/PI staining). (D) FGFR1-
amplified cell lines were plated in soft agar and treated with either DMSO
(control) or decreasing concentrations of PD173074. (E) Phosphorylation of
FGFR and of downstream molecules in FGFR1-amplified (H1581 and H520)
and in FGFR1 wild-type (EGFR-mutant) cells (HCC827) after treatment with
PD173074 as assessed by immunoblotting.
Fig. 3. FGFR1-amplified cells are dependent on FGFR1 in vitro and in vivo.
(A) Left panel: Viability (PD173074 treatment as compared to DMSO control)
of FGFR1-amplified cells expressing wild-type (wt) or mutant (V561M) FGFR1
treated with PD173074 [0.5 mM (white bars) and 1.0 mM (gray bars)]. Right
panel: Phosphorylation of FGFR in the FGFR1V561M and FGFR1wt cells de-
tected by immunoblotting. (B) Left panel: Viability (PD173074 treatment as
compared to DMSO control; y axis) of H1581 cells after transduction with
control shRNA or shRNA targeting FGFR1. Right panel: Silencing of FGFR1
in H1581 cells was confirmed by immunoblotting. (C) Inmice engraftedwith
H1581 cells treated with either vehicle or PD173074 (dosage as indicated;
y axis), tumor volume was measured over time (x axis).
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relationship. Furthermore, FGFR1 amplification induced a strong FGFR1
dependency that could be exploited therapeutically, resulting in induction
of apoptosis. Thus, FGFR1 amplification represents an opportunity for
targeted therapy in squamous cell lung cancer. We therefore suggest
that FGFR1 inhibitors, which are currently in clinical testing in tumor
types bearing genetic alterations in FGFR genes (29–31), should be
evaluated in patients with FGFR1-amplified squamous cell lung cancer.
MATERIALS AND METHODS
Genomic analyses
The tumor specimens analyzed in this study have been collected under
local Institutional Review Board approval. All patients gave written
informed consent. Genomic DNA was hybridized to Affymetrix 6.0
SNP arrays following themanufacturer’s instructions. Raw signal inten-
sities were normalized and modeled with a Gaussian mixture model.
Background-corrected intensities were normalized across all arrays of
one batch by quantile normalization. Raw copy numbers were cal-
culated by dividing the normalized tumor-derived signal intensities
by themean signal intensities derived from the normal samples hybrid-
ized in the same batch. Raw copy number data were segmented by
circular binary segmentation and visualized in the integrated genome
viewer (IGV) (32). GISTIC was performed as described previously
(13, 14). The human genome build hg18was used. Dideoxy sequencing
was performed on whole-genome amplified DNA of primary tumors.
Cell lines were sequenced with complementary DNA (cDNA). All raw
data are publicly available [Gene ExpressionOmnibus (GEO);GSE25016].
Tissue microarray construction
Tissue microarray slides were obtained from formalin-fixed, paraffin-
embedded lung squamous cell carcinoma samples. The tissue microar-
rays contained samples of a total of 172 patients from the University
Hospital Zurich; each of these samples was present in duplicate cores,
each core 0.6 mm in diameter (33). A second tissue microarray of 22
patients from Weill Cornell Medical Center was obtained, with each
sample present in triplicate cores, each core 0.6 mm in diameter. Sub-
sequently, 153 samples were used for FISH analysis.
Gene expression
After RNA isolation, biotin-labeled complementary RNA (cRNA)
preparation was performed with Epicentre TargetAmp Kit (Epicentre
Biotechnologies) and Biotin-16-UTP (10 mM; Roche Molecular Bio-
chemicals) or Illumina TotalPrep RNA Amplification Kit (Ambion).
Biotin-labeled cRNA (1.5 mg) was hybridized to Sentrix whole-genome
bead chips WG6 version 2 (Illumina) and scanned on the Illumina
BeadStation 500X. For data collection, we used Illumina BeadStudio
3.1.1.0 software. Gene pattern analysis platform (34) was used to visu-
alize the normalized data.
FGFR1 amplification FISH assay
A FISH assay was used to detect the FGFR1 amplification at the chro-
mosomal level on the tissue microarrays. We performed fluorescence
signal detectionwith twoprobes on chromosome8. The reference probe
is located on a stable region of chromosome 8p23.2 and selected on the
basis of SNP array analysis. Only samples where the control bacterial
artificial chromosome (BAC)was detectablewere used for the determi-
nation of the copy number of FGFR1. The target probe is located on the
FGFR1 locus spanning 8p11.23 to 8p11.22. We used the digoxigenin-
labeled BAC clones CTD 2523O9, which produces a green signal, as
reference probe. The target probe was labeled with biotin to produce
a red signal with RP11-148D21 BAC clones (Invitrogen). Deparaffin-
ized sections were pretreated with a 100 mM tris and 50 mM EDTA
solution at 92.8°C for 15min and digestedwithDigest-All III (dilution,
1:2) at 37°C for 14min; FGFR1FISHprobeswere denatured at 73°C for
5 min and immediately placed on ice. Subsequently, the tissue sections
and FGFR1 FISH probes were co-denatured at 94°C for 3 min and hy-
bridized overnight at 37°C. After hybridization, washingwas donewith
2× SSC at 75°C for 5min, and the fluorescence detectionwas performed
with streptavidin–Alexa 594 conjugates (dilution 1:200) and antibodies
to digoxigenin–fluorescein isothiocyanate (FITC) (dilution, 1:200).
Slides were then counterstained with 4′,6-diamidino-2-phenylindole
(DAPI) and mounted. The samples were analyzed under a 63× oil im-
mersion objective with a fluorescencemicroscope (Zeiss) equippedwith
appropriate filters, a charge-coupled device camera, and the FISH im-
aging and capturing software Metafer 4 (Metasystems). The evaluation
of the tests was done independently by three experienced evaluators
(R.M., S.M., and S.P.). At least 100 nuclei per case were evaluated. The
thresholds for assigning a sample to the FGFR1 “high-amplification”
group were a copy number of nine. All samples that had a copy num-
ber below nine and above two were assigned to the group of “low-
amplification” cohort.All the remaining sampleswere assigned “normal.”
Cell lines and reagents
Cell lineswereobtained fromtheAmericanTypeCultureCollection(ATCC),
the German Resource Centre for Biological Material (DSMZ), or from
our own and other cell culture collections andweremaintained as described
previously.PD173074waspurchased fromcommercial suppliers, dissolved
in dimethyl sulfoxide (DMSO) or vehicle solution, and stored at −20°C.
Cell line screening
Cell line screeningwas performed as previously described (17) with var-
ious concentrations of PD173074. Viability was determined after 96
hours by measuring cellular adenosine triphosphate (ATP) content
(CellTiter-Glo, Promega). Half-maximal inhibitory concentrations
(GI50) were determined with the statistical data analysis software “R”
with the package “ic50.”
Apoptosis
For determination of apoptosis, cells were seeded in six-well plates,
incubated for 24 hours, treated with either DMSO (control) or 1.0 mM
PD173074 for 72 hours, and stained with annexin V and propidium
iodide (PI). Finally, the cells were analyzed on a FACSCanto flow cy-
tometer (BD Biosciences). The difference between the relative percent-
age of annexin V/PI–positive cells treated with DMSO and cells treated
with PD173074 was determined (induction of apoptosis rate).
Lentiviral RNA interference and retroviral expression
The V561M mutation was introduced into FGFR1 cloned in pBABE-
Puro by site-directed mutagenesis. Replication-incompetent retro-
viruses were produced by cotransfection with the pCL-ampho plasmid
in human embryonic kidney (HEK) 293T cells. Hairpin shRNA target-
ing the different genes was ordered from Sigma. All sequences are given
in table S10. Replication-incompetent lentiviruses were produced from
pLKO.1-Puro–based vectors by cotransfection with D8.9 and pMGD2
in 293T cells as described previously (35). After transduction, cells were
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selected with puromycin (1.5 mg/ml), and 5 days after selection, cells
were counted with trypan blue.
Western blotting
The following antibodies were used for immunoblotting: b-actin (MP
Bioscience); phospho-FGFR (Tyr653, Tyr654), phospho-FRS2 (Tyr196),
phospho-AKT (Ser473), phospho-S6, S6, AKT, phospho-ERK, and
ERK (Cell Signaling Technology); total FGFR1 (Santa Cruz Bio-
technology); and horseradish peroxidase (HRP)–conjugated antibodies
to rabbit and mouse (Millipore).
Soft agar assay
Cells were suspended in growth media containing 10% fetal calf serum
(FCS) and 0.6%agar and plated in triplicate on 50 ml of solidified growth
medium (10% FCS; 1.0% agar). Growth medium containing indicated
compound concentrations was added on top. Colonies were analyzed
with the Scanalyzer imaging system (LemnaTec).
Xenograft mouse models
All animal procedures were approved by the local animal protection
committee and the local authorities. Tumor cells (5 × 106) were injected
subcutaneously into male nude mice. After the tumors reached a size of
at least 50mm3, the animals were treated twice daily by oral gavage with
PD173074 (15 mg/ml for 50 mg/kg or 30 mg/ml for 100 mg/kg sched-
ule) dissolved in vehicle (sodium lactate) or vehicle detergent alone.
Tumor size was monitored by measuring perpendicular diameters
as described previously (17). For the determination of tumor growth
under treatment with PD173074, each experiment presented in the
figures compromises the measurement of five different tumors.
Statistical analyses
Tests for statistical significancewere either two-tailed t tests or Fisher’s exact
tests. Prediction of compound activity was performed with the KNN
algorithmasdescribedpreviously (17).Multiple hypothesis testingwasper-
formedwith the statistical data analysis softwareRusingPvalue adjustment.
SUPPLEMENTARY MATERIAL
www.sciencetranslationalmedicine.org/cgi/content/full/2/62/62ra93/DC1
Methods
Fig. S1. Significant deletions are observed in squamous cell lung cancer.
Fig. S2. FGFR1 amplification has no significant impact on overall survival of SQLC patients.
Fig. S3. FGFR1 amplification correlates with FGFR1 protein expression.
Fig. S4. Expression of FGFR ligands does not correlate with FGFR1 amplification status.
Fig. S5. Treatment of FGFR1-amplified cell line H520 with PD173074 leads to dephos-
phorylation of FGFR1 as measured by immunoprecipitation.
Fig. S6. PD173074 binds inside the ATP-binding pocket of FGFR1.
Fig. S7. Knockdown of genes adjacent to FGFR1 on 8p12 does not affect cell viability.
Fig. S8. PD173074 is not active in the PDGFRA- and FGFR1-amplified cell line H1703.
Fig. S9. PD173074 shows antitumor activity in vivo.
Table S1. Significant amplifications and deletions are noted in a subset of 155 SQLC samples.
Table S2. Clinical features and co-occurrent mutations of FGFR1-amplified SQLC samples.
Table S3. Significant amplifications and deletions are noted in a subset of 77 adenocarcinoma
samples.
Table S4. FGFR1 amplification is detected using FISH on tumor microarrays.
Table S5. GI50 values are not associated with mutation status across the lung cancer cell line panel.
Table S6. KNN algorithm–based scoring predicts PD173074 sensitivity.
Table S7. PD173074 induces apoptosis in FGFR1-amplified cell lines.
Table S8. PD173074 has specific activity against two kinases.
Table S9. FGFR1 and SOX2 amplification in squamous cell lung carcinoma.
Table S10. Sequences of all shRNA constructs that were used in the study.
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5.0 Discussion 
High‐throughput compound screens of  large panels of genomically annotated  lung cancer cell  lines 
not only allow  the  identification of predictive markers  for  sensitivity  towards a certain compound, 
but  also  shed  light  onto  the  underlying  molecular  mechanisms  tumor  cells  employ  to  become 
oncogenic.  The  Ph.D.  thesis  presented  here  aims  for  the  identification  of  genes,  previously 
unrecognized as driving genes in lung cancer, as well as to understand how these genes elicit signal 
transduction  pathways  to  support  tumor  development.  In  the  course  of  this  thesis,  two  novel 
therapeutically  trackable  genes  were  identified  as  being  genomically  altered  in  lung  cancer  and 
functionally  validated  as  being  targets  of  the  respective  inhibitor.  As  proof  of  principle,  EGFR 
mutations  in  conjunction  with  absent  KRAS  mutations  were  identified  as  the  most  significant 
predictor  for EGFR  inhibitor sensitivity across the screened cell  line panel  (54). These results are  in 
perfect accordance with previous reports (9,26,55,56). In another proof of principle experiment, we 
identified  amplified  SRC  as  a driver of  the malignant phenotype of H322M  cells by  screening our 
published  cell  line  collection  against  the  small  molecule  inhibitor  dasatinib  (54),  clearly 
demonstrating  that  our  approach  is  able  to  identify  novel  and  also  scarce  targets.  Since  SRC 
amplifications  remains  scarce  in  lung  cancer  cell  lines  investigated  so  far, we  developed  a  novel 
algorithm that allowed the  identification of SRC as a possible target of Dasatinib  in the H322M cell 
line  (54). Although  v‐SRC was  the  first  gene discovered  to be  transforming healthy  cells  (57),  the 
human version of SRC  (cSRC), harboring a  regulatory subunit at  the C  terminus, so  far  failed  to be 
transforming (58). Surprisingly, genetic alterations in this well characterized human proto‐oncogene 
have  never  been  discovered,  although  one  controversial  (and  unvalidated)  report  had  claimed 
somatic  mutations  in  SRC  in  colorectal  cancer  (59).  Thus,  our  finding  of  rare  but  significant 
amplification  of  the  SRC  gene  in  lung  cancer  is  the  first  demonstration  of  its  role  as  a  bona‐fide 
oncogene in humans. Despite the fact that the potent effect of dasatinib treatment on H322M cells 
could be abolished by ectopically expressing a mutated version of cSRC (54), it remains unlikely that 
cSRC  is  the  sole  transforming  factor  in  these  cells,  since  cSRC expression alone  is not  sufficient  to 
transform primary cells (58). A possible explanation for the observed sensitivity towards inhibition of 
cSRC would  be  that  it  acts  directly  downstream  of  Receptor  Tyrosine  Kinases  (RTKs)  (60)  and  its 
primary  function  in  these cells  is not a direct signal producer, but  to elicit a direct amplification of 
RTK  signals  into  more  downstream  signaling  pathways.  Alternatively,  cSRC  amplifications  might 
function  in  conjunction with  other  genetic  alterations  to  drive  tumorigenesis.  In  this  regard,  SRC 
amplifications are similar to FGFR1 amplifications, also discovered by our lab, that are necessary but 
not sufficient to transform human cells. Our cSRC‐related findings formally proved the relevance of 
our approach to identify possible targets in lung cancer.  
The  next  step  in  the  course  of  the  thesis  was  the  development  of  a  novel 
biologic/mathematical model that allows the detection of compound combinations being synergistic 
in high throughput compound screens (HTS) (61). General approaches to identify synergistic behavior 
in a variety of biological scenarios (62), where not suitable for analyzing high‐throughput screening 
data or do not properly discriminate between simple additional effect and real synergy. Whereas our 
model  specifically  allows  the  analysis  of  HTS  screening  data  in  regards  to  synergistic  effects.  A 
mandatory  feature  of  RTK  functioning  as  oncogenes  is  the  ability  to  utilize  cell  internal  signaling 
pathways for transfer of the oncogenic signal. Inhibition of a single pathway, by e.g., small molecule 
inhibitors,  can  lead  to  the  same phenotype as  seen after direct RTK  inhibition,  indicating  that  the 
kinases  inhibited  rely on only one pathway  to  transfer  a  signal  into  the  cell. By  contrast,  an only 
partial cellular response indicates that the kinase inhibited rely on more than one signaling pathway. 
An  initial  study  performed  in  the  group  demonstrated  the more  potent,  synergistic  effect  of  the 
combined PI3K and MAPK pathway inhibition in RTK driven cell lines (25), using the synergy detection 
model mentioned above. This raises the question if the existing screening platform can be extended 
to  systematically  screen  for pathway usage  in  tumor cells. With  this  screen, not only we aimed  to 
systematically answer the question of how tumor cells use the MAPK and PI3K pathways to transfer 
signals from the membrane through the cell into the nucleus, but also if both pathways are internally 
connected  and  show  cross  signaling.  To  further  investigate  this  question,  a HT  compound  screen 
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where 17 compounds were systematically combined with each other on 105 genetically annotated 
cell  lines,  was  performed  in  the  course  of  the  thesis.  Clinically,  together  with  the  genomic 
information about the cell  lines used, this screen has the potential to give new  insights about new 
therapeutic  treatment  options  in  patients.  Experimentally,  these  efforts  were  essential  in 
establishing novel screening methods in the lab allowing to screen up to more than 1500 compounds 
against more than a hundred cell lines.  
As one of the first results of the before‐mentioned cell line screen, we identified FGFR1 as a 
new, clinically relevant, target  in squamous cell carcinomas of the  lung (35). By screening the small 
molecule  inhibitor PD173074 (63) against our panel of genomically annotated cell  lines followed by 
analysis with K‐NN based prediction model (64), we were able to show that FGFR1 amplification as 
being the best scoring predictor for PD173074 sensitivity. In‐vivo treatment of nude mice, harboring 
FGFR1 amplified  tumors, with PD173074  leads  to  tumor shrinkage similar  to  the  treatment  in‐vitro 
(35). To formally prove, that FGFR1 is the relevant target of PD173074 in FGFR1 amplified cell lines, a 
mutant version of FGFR1 (FGFR1_V561M) was expressed and showed to be rescuing the PD173074 
induced phenotype. Furthermore,  shRNA mediated knockdown of FGFR1  in a FGFR1‐amplified cell 
line showed  to have  the same effect  that  treatment with PD173074  (35). Both approaches proved 
that  FGFR1  is  the  relevant  target  in  these  cell  lines.  Similar  findings  by Ashworth  and  colleagues 
suggest  that  FGFR1  is  also  a  clinical  relevant  target  in  breast  cancer  cell  lines  (34).  However, 
preliminary unpublished  computational analyses  from our  lab and my own cellular data  support a 
different genomic architecture of the 8p amplification  in breast as compared to squamous‐cell  lung 
cancer, possibly  involving other genes. Other studies,  investigating the 8p12 locus  in primary tumor 
specimens suggested WHSC1L1 (65) or BRF2 (66) to be the relevant target of the 8p12 amplification. 
However, both  studies were either  limited by  the available experimental  resolution at  the  time of 
study  (65) or by  the  small  size of  the  sample  cohort used  (66), probably  leading  to an  inaccurate 
amplification characterization. The  study performed  in  the course of  the  thesis circumvented both 
limitations by using high  resolution Affymetrix 6.0 SNP arrays and by using a  total of 155 primary 
squamous  cell  carcinoma  samples.  Most  importantly,  studies  of  primary  lung  adenocarcinoma 
samples revealed 8p12 amplifications at only a very low frequency (35), as was also shown by others 
(66).  In  addition,  the  results  regarding  signaling  events  clearly  show  that  upon  treatment  with 
PD173074, phosphorylation of ERK but not of Akt is lost. These results are in accordance with other 
studies,  showing  that  FGFRs  primarily  signals  via  the MAPK  but  not  the  PI3K  pathway  (32).   And 
finally, we showed that FGFR1 amplification leads to higher amount of FGFR1 protein and that FGFR1 
is primarily activated by  itself, rather than by autocrine FGF secretion. The results presented  in this 
thesis,  strongly  suggest  usage  of  FGFR1  inhibitors  to  treat  patients  harboring  FGFR1  amplified 
squamous  cell  carcinomas, a  lung  carcinoma  subtype being  strongly  connected  to  smoking and  to 
this point no  indication  for  targeted  therapies. A clinical phase  I  trial  is about  to begin early 2011, 
Cologne being one of two centers worldwide to treat patients harboring FGFR1 amplified squamous 
cell carcinomas with FGFR inhibitors. 
Taken together, the data presented here clearly demonstrate that screening of a large panel 
of genomically characterized cell lines led to the identification of two genes, previously unproven to 
be involved in the onset of lung cancer. In a proof of concept screen, the cSRC gene, encoding for an 
intracellular tyrosine kinase acting downstream of Receptor Tyrosine Kinases  (RTKs), was  identified 
as being  relevant  in  lung  tumor derived  cell  lines and  (rarely)  in primary  lung  cancers. Due  to  the 
observation that dual PI3K and MAPK pathway inhibition leads to a stronger induction of apoptosis in 
our  lung  cancer  cell  line  panel,  107  cell  lines  were  screened  towards  a  total  of  136  compound 
combinations  to  identify  synergistic  acting  inhibitor  pairs  and  also  to  shed  light  into  pathway 
interaction downstream of RTKs.  Since most patients  that  are  treated with  small molecule  kinase 
inhibitors  will  eventually  suffer  a  relapse  due  to  secondary  mutations  in  the  kinase  inhibited  by 
treatment, this screen will most likely lead to novel treatment options downstream of mutated RTKs. 
And  finally,  the  identification of FGFR1 as novel and possible  clinical  relevant  target exquisitely  in 
squamous  cell  lung  cancer, a  subtype  closely  related  to  smoking and until  today no  indication  for 
targeted  therapies  further  underscores  the  power  of  our  integrated  cancer  genomics  approach 
Amplification of this gene is predictive for sensitivity towards FGFR inhibitors in‐vitro and in‐vivo and 
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clinical trials starting this year will address this prediction in patients suffering from FGFR1 amplified 
squamous cell lung cancers. 
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